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A B S T R A C T

Text analysis has been one of the issues in recent research to identify users’

sentiments. Most studies have identified sentiments’ positive and negative

polarity in Persian, and limited research has been done on analyzing emotions

in Persian sentences by covering the primary emotional states. In this study,

first, a dataset of emotional sentences was prepared to label six basic emotional

states, JAMFA. This dataset contains 2350 sentences and (31222 words).

This paper presents two models, efficient BERT-BiLSTM(EBB) and XLM-R

Catboost(XLM-RC), that enhance the performance of the Persian text emotion

classification. This study has the advantages of human intelligence methods

and statistical approaches to achieve better accuracy in sentence labeling.

The evaluation indicates the accuracy of labeling is 92%, and the reliability of

the dataset based on the type of emotions is 88%. The results show that the

models at best achieved 86% accuracy in basic emotion classification and an

81% F-score in binary classification.

1 Introduction

Sentiment analysis is a field of research in text analy-
sis and opinion mining. Opinion mining is a feature of
sentiment analysis. Also known as aspect-based senti-
ment analysis in Natural Language Processing (NLP),
this feature provides more granular information about
the opinions related to words in a text [1]. The objec-
tives of sentiment analysis include discovering opin-
ions, identifying the emotions conveyed, classifying
them, and determining the emotional polarity within
different sections of the text [2].
As textual datasets continue to expand and online
users increasingly share their opinions and critiques,
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the demand for techniques to classify and recognize
these views is on the rise. Text serves as the primary
medium for conveying information across social net-
works and multimedia platforms. Conducting senti-
ment analysis on particular topics within organiza-
tions can assist managers in enhancing organizational
management and performance [3, 4].

Training datasets and textual corpora are essential
tools for emotion detection. Machine learning meth-
ods require labeled training data, which can be both
expensive and time-consuming to generate manually
using human expertise [5]. In recent years, numerous
text resources and emotional corpora have been cre-
ated in various languages, particularly English, to sup-
port machine learning techniques [6]. However, there
has been limited research on identifying emotional
states in Persian texts. Most existing studies have fo-
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cused primarily on detecting positive and negative
polarities [7]. A fundamental aspect of sentiment anal-
ysis is to ascertain the polarity or direction of a text,
indicating whether it is positive, negative, or neutral.
Emotions, meanwhile, encompass a wider range of
meanings. When determining the emotions within a
text, both the specific type of emotion and its intensity
are identified.

An example of an emotional corpus in English is the
Semeval [8], which has also been created in languages
like Spanish, Arabic, and Chinese, and it includes
four to six emotional tags. Recently, numerous text
datasets and sentiment corpora have been developed
in various languages, with English being particularly
prominent, to support machine learning methods [9].
The available emotional datasets for the Persian lan-
guage are limited compared to other languages [7].
This study aims to address this gap by employing hu-
man intelligence-based methods to select emotional
sentences for inclusion in the dataset. Following this,
a new framework is introduced for quantifying emo-
tional intensity. This dataset is named JAMFA, which
stands for ”Emotional Sentences of Persian Texts” in
Persian.

The Section 2 focuses on introducing effective mod-
els for detecting basic emotions in the Persian language.
Emotion detection in Persian text presents a challenge
due to its status as a low-resource language. To ad-
dress the lack of training data, this paper proposes an
efficient BERT-BiLSTM (EBB) model. Additionally,
we introduce the XLM-R-Catboost (XLM-RC) model,
which improves the performance of Persian text emo-
tion classification. Initially, a labeled dataset of Per-
sian sentences from literary works was compiled to
train these models. This dataset includes six primary
emotion labels in addition to positive and negative po-
larity features. We employed an enhanced Bi-LSTM
neural network for sentence classification, followed by
an efficient BERT-BiLSTM model to boost accuracy.
Our proposed XLM-R-Catboost (XLM-RC) model
further enhances the performance of emotion classifi-
cation in Persian text. The main contributions of our
research are as follows:

(1) We introduced a new semi-automatic framework
for creating an emotional dataset.

(2) An efficient BERT-Bi-LSTM (EBB) approach
is suggested to help the model concentrate on
the most relevant class, ensuring consistent per-
formance.

(3) The EBB model incorporates several strategies
during the optimization phase to enhance clas-
sification accuracy.

(4) We developed the XLM-R-Catboost model,
which achieves satisfactory results using default

parameters, thereby reducing the time needed
for parameter tuning.

(5) We improved the accuracy of emotion intensity
classification with the XLM-RC model.

Our approach demonstrates superior performance
compared to several baseline models, and the proposed
models are applicable across all languages, especially
those with limited resources. Section 3 outlines the
process of developing the JAMFA dataset. Section 4
evaluates the created dataset. Section 5 discusses the
construction of the models using this dataset. Section 6
presents the evaluation results of the proposed models,
and Section 7 offers conclusions and recommendations
for future research.

2 Research Background

This section provides an overview of studies focused
on emotion recognition in Persian. We begin by ex-
amining and comparing various emotion classification
methods, followed by an introduction to emotional
corpora developed in both English and Persian.

2.1 Methods for Emotion Classification

Emotion classification techniques can generally be
grouped into three main categories: a) machine learn-
ing methods, b) vocabulary-based approaches, and c)
hybrid techniques [10].

2.1.1 Machine Learning Methods

This approach involves creating a classifier to detect
specific emotions by utilizing machine learning algo-
rithms along with various features. Machine learning
methods can be broadly classified into two categories:

• Supervised machine learning approaches
• Unsupervised machine learning approaches

In supervised approaches, both input and output are
defined, allowing the data to be used to train machine
learning models. Conversely, unsupervised approaches
lack predefined data, and the system attempts to or-
ganize the data to learn a model with a specific struc-
ture while minimizing errors [11]. Recently, numerous
pre-trained word embedding techniques and language
modeling methods have been developed. Word embed-
ding is a method used to learn language properties and
model language within natural language processing.
This technique maps words and phrases from a dictio-
nary into numerical vectors. Word representations can
uncover hidden connections between different words.
Various word representations have been introduced, in-
cluding GloVe, Word2Vec, and FastText, all of which
are based on neural networks [12]. These word embed-
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dings and similar approaches exemplify self-supervised
learning. In smaller corpora, these methods result
in only minor improvements in the accuracy of deep
learning models, as more pre-trained data is necessary
to achieve greater accuracy [13]. To address this issue,
transfer learning can be beneficial for low-resource
languages [14]. Transfer learning involves using a deep
learning model that has been trained on a large text
dataset to perform related tasks on a different dataset.
Such a model is referred to as a pre-trained model.
Recently, several pre-trained language models have
gained significant popularity in NLP, including those
from Google (BERT, Transformer-XL, XLNet) [15],
Facebook (XLM-R (Roberta)), and OpenAI (GPT,
GPT-2) [16]. Transfer learning and pre-trained mod-
els offer two key benefits. First, they reduce the need
to train new deep-learning models from scratch each
time. Second, these corpora adhere to recognized stan-
dards, ensuring that the pre-trained models have al-
ready been validated for quality [17].

2.1.2 Vocabulary-based Methods

Vocabulary-based approaches can be classified into
four main categories:

• Dictionary-based method
• Corpus-based method
• Word-based methods and natural language pro-

cessing
• A combination of the above methods

In these methods, sentiment analysis relies on a pre-
defined set of vocabulary to ascertain the polarity of
opinions. Typically, this vocabulary consists of general
terms not specific to any particular domain. Efforts
have been made to develop domain-specific vocabu-
laries [18] and [19]. However, one drawback of this
approach is that it does not account for the relation-
ships between words, as most existing vocabularies
are based on individual words rather than contextual
interactions. The polarity and meaning of a sentence
are not conveyed solely through words; instead, the
interaction among words plays a crucial role in deter-
mining the sentence’s sentiment. Emotions in texts
are often influenced by how one word affects another,
particularly in the case of verbs, which are pivotal in
determining the overall polarity of a sentence.

• The decline in the company’s stock increased my
stress

• The many good deeds she had done reduced the
burden of her sins.

In the given sentences, even though words with neg-
ative connotations are present, the overall sentiment
conveyed is positive. For the dictionary-based ap-
proach, a collection of theoretical words with specific

orientations is manually assembled. This collection
is then expanded by incorporating synonyms and
antonyms through exploration of WordNet, and new
words are continually added until no further additions
can be made. The process concludes when no new
terms are identified. Once this phase is completed,
a manual review is conducted to correct or remove
any errors [20]. A key limitation of this method is its
inability to identify theoretical words with precise
orientations [21]. Various techniques have been uti-
lized for opinion mining in English, including the use
of SentiWordNet [20]. This approach involves assign-
ing polarity to words that lack inherent polarity in
SentiWordNet based on their predominance in either
negative or positive sentences, thereby enhancing the
accuracy of the algorithm compared to when such
words are excluded [22]. In [23], a semi-supervised
framework leveraging a custom adaptive dictionary
for analyzing Persian opinions is introduced. This
framework has refined the adaptive sensory pattern
extraction algorithm with human expert assistance,
achieving an accuracy of 80% [24]. Rouhani and Bas-
tanfard developed an unsupervised lexical algorithm
to detect six emotional states in Persian texts from so-
cial media [25]. Additionally, Shi, Wei, et al. proposed
the EOSentiMiner, an ontology-based framework for
sentiment analysis of Chinese online reviews. Their
evaluation of various factors influencing sentiment
classification based on emotion ontology indicated
that EOSentiMiner surpassed baseline methods in
accuracy [13].

The corpus-based approach addresses the challenge
of identifying theoretical words within specific do-
mains. This technique relies on compound patterns or
combinations of patterns that can be compiled into a
glossary to discover additional theoretical expressions.
Hatzivassiloglou introduced one such method, which
began with a list of theoretical terms used as linguis-
tic constraints to identify further purpose words and
their orientations [26]. Relying solely on the corpus-
based method may be insufficient due to the diffi-
culty in preparing a comprehensive corpus that cov-
ers all words. However, this method is particularly
advantageous for identifying domain-specific terms
and expressions. It involves two primary approaches:
statistical and semantic methods. The semantic ap-
proach directly represents the semantic value of text
and focuses on calculating word similarities. This ap-
proach identifies similar emotional values among se-
mantic words. For instance, WordNet offers various
semantic relationships to determine polarity and can
be enhanced by expanding a list of emotional words
through synonyms, antonyms, and sentiment polarity
for previously unspecified words [27]. Semantic meth-
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ods can be integrated with statistical techniques; for
instance, Zhang and Xu combined both approaches
to identify product weaknesses in online reviews [28].
A limitation of statistical methods is that insufficient
corpus size may lead to gaps in vocabulary and con-
cepts, thus diminishing the accuracy of concept recog-
nition. To address this issue, there are two main so-
lutions: expanding the corpus, which is often both
time-intensive and expensive or improving outcomes
by blending statistical and semantic methods.

2.1.3 Hybrid Approaches

This approach involves using a blend of dictionary-
based techniques and machine-learning methods. Ini-
tially, the sentiment polarity is established through
dictionary-based methods. Subsequently, this senti-
ment data is utilized to train machine learning models
[29].

2.2 Emotional Datasets in English and Per-
sian

Numerous datasets exist for assessing word polarity in
English, each employing different techniques to denote
word sentiment. WordNet, for instance, is an extensive
English dictionary that includes nouns, verbs, adjec-
tives, and adverbs, each associated with a network of
related words. It provides grammatical mappings for
each word, accompanied by examples of their usage
[30]. SentiWordNet, developed using WordNet, pro-
vides numerical values for the polarity of each word.
It details synonyms and grammatical roles for each
term. The initial version of SentiWordNet was created
through the random-walk step algorithm applied to
the WordNet 3 graph. This sentiment lexicon is widely
used in opinion-mining approaches as a sentiment re-
source independent of topic and domain. Similar sen-
timent dictionaries to SentiWordNet include SentiFul
and SenticNet, both also in English [31]. The ISEAR
dataset contains 2,500 English sentences labeled with
five emotional categories: anger, disgust, fear, pleasure,
and sadness [32]. This dataset employs a vector space
model and includes 801 news headlines [32]. Com-
parisons with the ConvepNet dataset demonstrated
that the vector space model outperformed ConvepNet,
Näıve Bayes, and SVM-based classifiers [33].

Another dataset, SemEval 2007, features 1,250
news headlines sourced from Google News [8]. Each
headline in this collection is manually labeled with
one of six levels of emotional intensity ranging from 0
to 100 [8]. SemEval 2016 included English and Arabic
tweets with automatic statistical labeling for emo-
tional content [10, 34]. In SemEval 2018, emotional
tweets were categorized not only in English but also in
Arabic and Spanish, with five emotion types and cor-

responding scores based on the previous method [35].

Recently, a small number of Persian datasets la-
beled for polarity have emerged for sentiment analysis
and opinion mining. Persian emotional corpora are
scarce compared to their English counterparts [23].
Most Persian research focuses on word-level labeling
or emotional expression. The Persian polarity dataset
comprises two parts: the first consists of adjectives
labeled as positive, negative, or neutral, sourced from
FarsNet. The second part includes adjectives, verbs,
and nouns from FarsNet, each assigned a numerical
polarity value using a semi-supervised machine learn-
ing approach. Positive terms receive values greater
than zero, while negative terms are assigned values
less than zero [36]. FerdowsNet is a Persian emotional
lexicon developed through two mapping techniques
from English SentiWordNet and a semi-supervised
training approach utilizing various English-Persian re-
sources [37]. Hesnegar, a Persian vocabulary network,
is built on FerdowsNet. In Hesnegar, the sentiment
associated with each group of meanings in the English
vocabulary network is translated to corresponding
Persian terms [38].
The Lexipers sentiment dictionary, a subset of the
second version of FarsNet, is labeled with three cate-
gories: positive, negative, and neutral. This dataset
employs a mix of human intelligence, corpus-based,
and dictionary-based methods for its labeling [39]. Uti-
lizing rich text resources is advantageous for building
speech databases, enhancing both the speed and ac-
curacy of emotional speech corpus development [40].
Additionally, efforts have been made for spoken term
detection in Persian broadcast news [41]. In [42], the
authors proposed a speech-emotion recognition tech-
nique using an HMM-based classifier, which effectively
identifies eight emotional states: anger, happiness, sad-
ness, neutral, surprise, disgust, fear, and boredom.
Meanwhile [43] suggests the minimum number of ele-
ments required for real-time recognition of emotional
speech states, with the evaluation showing satisfactory
performance for real-time applications.

PerSent is another Persian sentiment lexicon com-
prising 1,500 words, each with partial speech labels
and assigned polarity scores [44]. This collection in-
cludes nouns, adjectives, adverbs, and verbs, with ev-
ery term labeled for polarity [45]. SentiFars, another
sentiment dataset, is derived from English sources like
SentiWordNet 3.0, SenticNet 3.0, the NRC Emotion
Lexicon, and Liu’s Polarity Lexicon [22, 46, 47]. In
this dataset, each word or phrase is manually tagged
as positive, negative, or neutral. In [48], a transfer
learning algorithm utilizing cellular learning automata
(CLA) was proposed to mitigate negative transfer is-
sues. The results of the experiments demonstrated
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that this algorithm achieved satisfactory accuracy.

Recent studies have seen the development of a few
sentence-level emotional datasets. One such dataset,
Sentipers, contains Persian sentences labeled with sen-
timent polarity, intended for natural language process-
ing tasks like sentiment analysis and opinion mining.
This dataset focuses on digital goods and comprises
26,000 labeled sentences, each annotated with posi-
tive, negative, or intensity-related semantic features
[3]. Despite its size, Sentipers’ reliance on manual la-
beling by human annotators can impact the accuracy
of the sentiment quantification for each sentence. Ad-
ditionally, a new database has been assembled, encom-
passing opinions and news about targeted subsidies
sourced from six major Persian-language news agen-
cies. This database categorizes comments as positive,
negative, or neutral [49]. Another dataset, comprising
customer feedback from the Digikala website, includes
evaluations of products with polarized sentiments but
features many unlabeled comments [50]. In [51], the
authors explore how different NLP tools, sentiment
features, and methods for generating sentiment lex-
icons influence sentiment polarity classification for
Persian internet reviews. Their findings highlight the
significant impact of sentiment lexicon quality on im-
proving sentiment classification accuracy in Persian.
An analysis of the extensive corpora available in En-
glish compared to those in Persian reveals that, de-
spite recent growth in sentiment analysis research for
Persian, there remains a significant shortage of lan-
guage resources in this field for the Persian language.

3 Steps for Developing a Persian Emo-
tional Sentences Dataset

This section outlines the methodology for generating
a dataset of Persian emotional sentences. It details
the stages of selecting the initial dataset, establishing
labeling guidelines, applying the deductive model, and
assessing the emotional intensity of each sentence.
The process for creating this dataset involves four key
steps:

(1) Selecting the raw dataset
(2) Categorizing sentences based on labeling instruc-

tions
(3) Implementation of the BWS deductive model
(4) Calculating the intensity of the emotion in each

sentence using TF-KAI

Figure 1 provides a summary of the proposed approach.
The subsequent sections will elaborate on each step
of the process.

3.1 Raw Data

For the dataset, notable works were chosen from
various authors. Female authors included Simin
Daneshvar, with her books Savushun, A City in Par-
adise, and Selection. For male authors, works selected
were by Jalal Al-Ahmad, specifically School Principal
and Setar, along with a book by Samad Behrangi.
From these texts, a curated list of emotional sentences
reflecting the six primary Ekman emotions (sadness,
anger, fear, surprise, disgust, and joy) was compiled
by two annotators.
The sentiment for each emotion was categorized as
follows: sentences expressing sadness, anger, disgust,
or fear were labeled with a negative sentiment polar-
ity, while joy was associated with a positive sentiment.
Sentences reflecting surprise were classified under
both positive and negative categories. The choice of
these particular works and authors was due to their
prominence and the relevance of their language to the
public’s common expressions. These selections aimed
to ensure that the dataset was both representative
and relevant to contemporary Persian literature.
The chosen texts were reviewed by two individuals
who extracted and labeled emotional sentences ac-
cording to the basic emotions. After this annotation,
the dataset underwent a pre-processing phase.

3.2 Labeling Instructions

Consider a textual source T , which consists of emo-
tional content spread across several sentences, denoted
as W1...Wn. Each sentence is assigned an emotion
intensity value E(WN ) within the range of [−1,+1],
where E(Wn) (E(Wn)ε[−1, 1], E(Wn)) indicates the
degree of desirability or undesirability of each sentence.
Emotion identification and extraction from texts can
be broadly categorized into three main techniques:

a. Keyword Identification: This approach classifies
text based on the presence of explicit emotional
keywords [23, 52].

b. Lexical Coherence: This method assesses how well
words fit within a specific sentence to determine
their emotional relevance [53, 54].

c. Statistical Methods: These methods involve an-
alyzing the frequency of keywords and the co-
occurrence rate of words using large training
datasets [3, 55, 56].

Typically, these methods focus on sections of text
where emotions are directly stated, such as positive
terms (e.g., good, beautiful, excellent) and negative
terms (e.g., bad, nasty, weak). However, since emotions
are often conveyed implicitly through context and
subject matter, purely syntactic methods may fall
short. Therefore, the proposed approach integrates
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Figure 1. Steps to Create JAMFA Dataset Sub-headings.

both statistical and semantic techniques to enhance
the accuracy of constructing a dataset of emotional
sentences in Persian texts.

Paul Ekman identified six primary emotions in his
research: joy, sadness, fear, anger, disgust, and surprise.
These emotions, often referred to as basic emotions,
are considered universal across all humans, regardless
of cultural or linguistic background [57]. In this study,
alongside the polarity label which denotes whether a
sentence is positive (favorable) or negative (undesir-
able), the type of emotion is also categorized based
on Ekman’s theory. Each of the six fundamental emo-
tional categories is included, and a quantitative score
ranging from [−1,+1] has been added to represent the
intensity of each emotion. This score is automatically
generated in the fourth step of the process.

For the Persian emotional sentences dataset, the
tags listed in Table 1 have been applied. Table 1 out-

lines seven attributes assigned to each sentence: the
author’s name, page number, chapter number, story
title, type of emotion, polarity of emotion (positive
or negative), and the intensity of emotion. Table 2
presents examples of sentences tagged in the JAMFA
dataset. The following section will detail the prepro-
cessing and initial labeling methods used.

3.2.1 Pre-processing and Labeling

In this phase, a curated list of emotional sentences, cat-
egorized according to the six primary emotions identi-
fied by Ekman—sadness, anger, fear, surprise, disgust,
and joy—was compiled using human input. Each sen-
tence’s emotional polarity was assessed based on its
specific emotion. Initially, two individuals reviewed
sentences from literary works to identify and label
them with their basic emotional type. Following this,
an automated approach was employed to gauge the
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Table 1. Tags Available in JAMFA.

No Tag Description

1 Author The authors’ name of each sentence

2 Page The page number for each sentence

3 Chapter The chapter number for each sentence(if any)

4 Story The story name for each sentence (if any)

5 Emotion The type of sense of each sentence according to Ek-
man’s theory, which are the basic senses: Joy, sadness,
fear, anger, disgust, and surprise

6 Polarity Emotional polarity type (positive/negative)

7 Score The calculated intensity of the base sense for each
sentence in the range of [-1,1]

Table 2. Examples of Tagged Sentences in JAMFA.

Sentence Name of
Book

Author Story Page Chapter Emotion Polarity Score

The children were so
happy that they seemed to
own the largest carousel
in the world.

Savushun Simin
Daneshvar

- 27 2 Joy P 1

My heart is pounding The stories
of Samad
Behrangi

Samad
Behrangi

Oldooz and
the crows

54 Fear N 0.625

I was about to shout or
kick and throw the moder-
ator to the other side

school princi-
pal

Jalal Al-
Ahmad

- 27 4 Anger N 0.125

intensity of these emotions. Details on calculating the
intensity of emotions like sadness, anger, disgust, or
fear—which have a negative sentiment polarity—are
provided in the subsequent section. Conversely, sen-
tences expressing joy are labeled with a positive senti-
ment, while sentences conveying surprise are classified
into both positive and negative categories [58]. The
steps involved in preprocessing are outlined below:

(1) Tokenization: This involves dividing the text
into individual words or tokens.

(2) Normalization: This step includes converting
all text to lowercase, eliminating punctuation
marks, and addressing special characters.

(3) Stop-word removal: Common, less meaningful
words such as ”and,” ”the,” and ”is” are re-
moved.

(4) Removing numbers and special characters: Nu-
merical values and non-essential symbols are
removed from the text.

(5) Removing URLs and email addresses: Any web

links and email addresses are discarded as they
may not be pertinent to the analysis.

(6) Filtering non-Persian or non-English words:
Non-Persian words are either removed or con-
verted to their Persian equivalents if possible.

(7) Spell checking: Spelling errors are corrected to
enhance the accuracy of the analysis.

The dataset sentences were capped at 280 charac-
ters, the maximum length for a tweet, to standardize
the text for subsequent processing.

When determining the intensity of emotion in
words manually, several issues arise, including time-
consuming processes and inconsistent responses that
lead to inaccurate results. Maintaining balance and
consistency when assigning numerical values to emo-
tional sentences can be challenging. To address these
problems, the combination of the Best Worst Scaling
(BWS) method [10, 59] and the Semantic Frequency
Semantic Active Inverse (SF-KAI) method [60], is
employed to evaluate sentence intensity. The BWS
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method involves presenting four sentences to different
individuals and asking them to identify which sen-
tence is the best and which is the worst regarding
the desired emotional quality. Research indicates that
this approach improves emotion recognition accuracy
in English and Arabic due to human judgment in
assessing the extremes [10].

For this study, emotional sentences with the six Ek-
man emotions—sadness, anger, fear, surprise, disgust,
and joy—were converted into quadruple-choice ques-
tions. Participants were asked to select the most and
least intense examples of each emotion. For instance,
participants might be asked to identify which of the
following sentences conveys a stronger sense of “joy”:

a. He was about to faint with joy.
b. He laughed out loud.
c. She sewed her green eyes at me and laughed.
d. But the girl was happy; her face was flushed, and

her eyes were shining.

In which of the following sentences is the intensity of
”joy” less felt?

a. He was about to faint with joy.
b. He laughed out loud.
c. She sewed her green eyes at me and laughed.
d. But the girl was happy; her face was flushed, and

her eyes were shining.

Each set of four questions was evaluated by five
different respondents. Research indicates that using
just two or three respondents for each set of questions
is sufficient to achieve reliable results with English
sentences [10]. However, for manual scoring methods,
each sentence needs to be rated between 15 and 20
times to ensure accuracy and reliability, making the
process quite labor-intensive [61]. To ensure a bal-
anced representation of emotions, respondents were
selected from diverse educational backgrounds and
evenly divided between men and women to avoid gen-
der bias in the results.
Subsequently, the data from this phase were processed
using the SF-KAI (based on the TF-Keyword Activ-
ity Index) and BWS methods to compute the overall
emotional intensity scores for the sentences. A ranked
list of sentences was then generated, quantifying the
intensity of emotions in each case. In the final step,
the emotion intensity scores provided by the first two
evaluators were reviewed to identify and correct any
out-of-range values, ensuring that recalculated scores
were accurately recorded.

3.2.2 SF-KAI Semantic Ranking Approach

The SF-KAI technique is a keyword ranking method
utilized to evaluate the significance of words within
a specific domain. It involves assessing the frequency

of keywords in both domain-specific texts and back-
ground texts (texts not related to the domain) to
determine their relevance. This approach, which was
detailed in [62], has been shown to yield more accurate
results compared to the TF-IDF ranking method. This
method uses similarity calculations based on the BWS
[59] model derived from the raw dataset, as outlined
in Equations 1 to 3 [60]. To determine the emotional
intensity of the sentences, we employed a combination
of the SF-KAI formula and the BWS method. Equa-
tion 1 illustrates how the emotional intensity for each
sentence in this study is computed:

Score(S) = SF-KAI(S, Positive)

− SF-KAI(S,Negative)
(1)

SF-KAI(S,Positive) =

log
(
((N(S, Positive) ∗N)/(N(Positive) ∗N(S))

)
(2)

SF-KAI(S,Negative) =

log
(
(N(S,Negative) ∗N)/(N(Negative) ∗N(S))

)
(3)

In Equ. 2, N(S, Positive) represents the count of
sentence similarities to positive sentences, while N
denotes the total number of sentences. N(Positive)
indicates the number of positive sentences, and
N(S) shows how often the sentence S appears. In
Equ. 3, calculates N(S,Negative), the count of
sentence similarities to negative sentences, with N
being the total number of sentences, N(Negative)
representing the number of negative sentences, and
N(S) indicating how often the sentence S occurs.
The intensity of feeling related to each sentence is
calculated using Equ. 1. SF KAI(Positive) reflects
the weighted frequency of positive sentiments in a
sentence, whereas SF KAI(negative) represents the
weighted frequency of negative sentiments. The emo-
tional score of a sentence is derived by subtracting
SF KAI(Positive) minus SF KAI(Negative).

4 Evaluation of the Dataset

The JAMFA dataset categorizes sentences using seven
distinct tags: author name, page number, chapter
number (if applicable), story name, emotion type, sen-
timent polarity (either positive or negative), and emo-
tion intensity. Table 2 shows three examples of sen-
tences with labels. The initial section presents statis-
tics related to the dataset, followed by an assessment
of labeling accuracy and emotional intensity reliability.
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Additionally, JAMFA is compared with other similar
datasets in this section.

4.1 Dataset Statistics

The statistics display the count of labels separately.
Figure 2 illustrates the distribution of sentences by
emotion type in the JAMFA dataset. Table 3 pro-
vides details on the number of words and annotated
sentences for each emotion. According to this table,
sentences related to sadness are the most prevalent,
whereas those associated with disgust are the least
common.

Table 3. Number of Annotated Sentences in Each Emotion.

Symbol Emotion Number of words Number of sentences

1 Anger 836 7183

2 Joy 739 4801

3 Fear 341 4156

4 Sadness 486 11341

5 Surprise 198 2825

6 Disgust 110 916

7 Positive 432 5484

8 Negative 1918 25735

9 Total 2350 31222
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4.2 Reliability Evaluation

When evaluating reliability, for N sentences, each in-
dividual provides 2N tags per sentence. With k peo-
ple evaluating a sentence, this results in k2N tagging
records. To assess labeling accuracy, the Split-Half
Reliability (SHR) method has been employed [63].
This approach involves randomly dividing all tagging

records into two subsets and then calculating separate
scores for each subset. The process is repeated 100
times, and the average scores for each emotion are
computed. A reliable method will show a high correla-
tion between the scores from the two subsets. Pearson
and Spearman coefficients are used to determine the
correlation between these sets [64].

Table 4. Average SHR for Different Number of Annotations.

Number of annotations Spearman Pearson

1N 0.87 0.88

2N 0.88 0.91

3N 0.90 0.91

4N 0.91 0.91

5N 0.91 0.92

The Pearson correlation assesses the reliability of
half of the dataset, while Spearman’s method esti-
mates the reliability of the entire dataset based on
its halves. The SHR criteria for varying annotation
counts are detailed in Table 4. It is observed that the
SHR value increases with more labeled records, but
the improvement becomes marginal after reaching 3N,
suggesting that 3N tags are sufficient for reliable re-
sults. Table 5 presents the dataset’s reliability across
different emotions, indicating that the reliability of
emotional intensity ranges from 0.86% to 0.90%. Sad-
ness and joy showed the highest reliability, whereas
disgust and surprise exhibited the lowest. Addition-
ally, the reliability of emotions was higher in cases
where the sentence frequency ratio was greater, as
shown in Table 5.

Table 5. Split-half Reliabilities based on the Type of Senti-
ment.

Emotion Intensity Spearman Pearson

Anger 0.89 0.90

Joy 0.90 0.89

Sadness 0.87 0.89

Fear 0.91 0.91

Surprise 0.86 0.88

Disgust 0.86 0.88

Average 0.88 0.89

Positive/Negative 0.92 0.92
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Table 6. Comparing JAMFA with Other Sentimental Resources.

Dataset Domain Level of label-
ing

Number
of

word/

sen-
tence

Number
of emo-

tional

tags

Number of
emotional tag

states

Values of emotional
tags

Method of calculating
intensity of sentiment

JAMFA Fiction Sentence/
phrase

2069 3 2 Positive/negative Six
base senses Emotion in-
tensity in the range of

[-1,+1]

(Proposed method)
Combination of hu-
man intelligence and

statistical method

Persnet [45] Opinions about Movies
/ Digital Tools / News

Word / phrase 1500 1 Without state
(Numerical)

Sentiment intensity in
the range of [-1,+1]

human intelligence

Lexipers
[39]

Use of FarsNet Word / phrase 6903 1 3 Positive/ negative or
neutral

Combination of hu-
man intelligence and

dictionary-based

SentiFars
[46]

Translation of several
English dictionaries

Word / phrase 1635 3 3 Positive/negative/neutralBasic classification of
English sources

Sentipers

[3]

Customer feedback on

digital tools

Sentence /

phrase

26000 2 2 Positive/ negative Sen-

timent intensity in the
range of [-2,+2]

human intelligence

4.3 Comparison of JAMFAwith Persian Sen-
timental Datasets

The attributes of various sentiment resources, includ-
ing domain focus, labeling level, dataset size, number
of emotional labels, emotional tag values, and methods
for determining emotional intensity, are summarized
in Table 6. This table provides a comparison between
JAMFA and other datasets.
The initial criterion in Table 6 addresses the domain fo-
cus of each resource. Previous sentiment resources are
applied in diverse areas: PerSent and Sentipers gather
user opinions on digital tools, movies, and news, while
Lexipers utilizes FarsNet’s vocabulary and SentiFars
employs translations from four English dictionaries
to encompass a broader range. In contrast, JAMFA
draws from fictional literature to assemble emotional
sentences reflecting six core emotions, an area not
covered by earlier studies.

The second criterion evaluates the labeling level,
indicating whether the labeling is done at the word,
phrase, or sentence level. PerSent, Lexipers, and Sen-
tiFars only label at the word or phrase level, while
Sentipers labels phrases and sentences. Due to the
scarcity of Persian sentence-level corpora, JAMFA
focuses on labeling at the phrase or sentence level.

Dataset size, or the number of labeled words or sen-
tences, is the third criterion, with PerSent being the
smallest and Sentipers being the largest. Despite Sen-
tipers having a greater total volume of labeled data
compared to JAMFA, each entry in Sentipers has two
emotional labels, whereas JAMFA entries feature six
emotional labels. The fourth criterion, emotional tag

values, demonstrates that JAMFA contains the most
extensive range of emotional labels among the com-
pared resources. The final criterion concerns the ap-
proach used to compute emotional intensity. PerSent
and Sentipers rely on human intelligence for labeling,
while SentiFars utilizes a classification system derived
from four English dictionaries. Lexipers combines hu-
man intelligence with a dictionary-based approach.
JAMFA, on the other hand, employs a mix of human
intelligence and statistical methods to enhance the
precision of its quantitative labels. Previous evalua-
tions of JAMFA revealed a labeling accuracy of 92%
and an 88% reliability based on emotional categories.
This comparison indicates that each dataset has its
unique application and strengths within its specific
domain.

5 Emotion Classification Models

5.1 Efficient FastText Bi-LSTM Model
(EFB)

This section introduces a new deep-learning model
designed for sentiment recognition using the JAMFA
dataset. The model utilizes a Bi-LSTM neural net-
work [65], which leverages internal memory to retain
previous information and extract local features for
emotion classification. The bidirectional nature of Bi-
LSTM enables the network to process both preceding
and following words, improving the classification ac-
curacy. Figure 3 illustrates the procedure for classify-
ing emotions with this deep learning approach. For
the JAMFA dataset, which has a maximum sentence
length of 100 words, the neural network’s first layer



Research Article, 2024, Volume 11, Number 1 (pp. 67–86) 77

is configured with 100 neurons. The subsequent steps
for training the model are outlined as follows:

(1) Pre-processing: Text normalization is achieved
using the Hazm tool, which includes adjusting
spaces and removing punctuation, such as extra
periods and single-character symbols.

(2) Sentence Representation: Sentences are trans-
formed into vectors using the FastText model,
which employs pre-trained Persian language vec-
tors to map each sentence into a 300-dimensional
vector space.

(3) Data Scaling: The 300-dimensional vectors are
scaled down to 30 ∗ 10 matrices to fit into the
Bi-LSTM network.

(4) Bi-LSTM Model Training: The dataset, compris-
ing 2,350 sentences, is split into 90% for training
and 10% for testing. The Bi-LSTM network is
structured with six layers for training [4].

(5) Global Max Pooling Layer: This layer reduces
the computational load by applying global max
pooling to the feature vectors of the sentences:
[66].

ygmp = GlobalMax(y1, y2, . . . ., yn) (4)

(6) Dense Layer: To link neurons between layers, a
dense layer is employed. The formula used for
this layer is:

Y =

n∑
i=1

(Xi ∗ wi + b) (5)

where x represents the inputs, w, and b are
the layer’s weights and biases, and n denotes
the number of neurons, which is set at 600 in
this layer. After computing the outputs, Leaky
ReLU is applied as the activation function. This
function helps reduce computational demands
by setting some outputs to zero and enhances
accuracy. Leaky ReLU, allows the network to
learn its slope rather than using a fixed value
like 0.01 c[22, 67].

f(yi) =

{
yi, if yi ≥ 0

aiyi, if yi < 0
(6)

(7) Optimization: In this stage, the network’s out-
put is refined through weight adjustment to min-
imize errors. The Nadam optimizer is employed
for this purpose. Optimization involves updat-
ing model parameters, including weights and
biases, to reduce error iteratively. Various strate-
gies, such as SGD [68], and Adam [69], are used
to find the optimal parameter values. Figure 3
illustrates the efficient Bi-LSTM neural network
model.

5.2 Efficient BERT-Bi-LSTM Model (EBB)

This model’s pre-training involves gradually adjusting
parameters to enhance the semantic representation
of text, which aids in fine-tuning for specific NLP
tasks. Various optimization strategies, including SGD,
Adam, and Nadam [70], were applied to improve the
classification accuracy of the EBB model, as depicted
in Fig. 4. In this section, we employ the BERT-Bi-
LSTM deep learning neural network for model train-
ing. Bi-LSTM networks encounter challenges due to
their inherent sequential processing, which compli-
cates parallel training. The Transformer architecture
addresses this issue by substituting LSTMs with an
”attention” mechanism, enabling the processing of en-
tire sequences simultaneously and simplifying parallel
training. This architecture allows for comprehensive
modeling of document contexts and the use of exten-
sive datasets for unsupervised pre-training, which en-
hances the performance of downstream tasks. To over-
come the data demands of RNN-based approaches, we
use the XLM-R model in this section to boost training
accuracy [71].

5.3 Sentiment Analysis based on XLM-R
Model

The XLM-RoBERTa model is an enhancement of
the BERT approach, representing an updated version
of the original XLMR-100 model [72]. Both models
are based on the Transformer architecture; however,
XLM-RoBERTa distinguishes itself by significantly
expanding the volume of training data. This updated
model requires 2.5 TB of clean data for training, which
is several times larger than the Wiki-100 corpora
and proves especially beneficial for low-resource lan-
guages. Additionally, XLM-RoBERTa introduces a
new text tokenization method known as the Sentence
Piece Model (SPM). This tokenizer is designed to be
language-independent and employs several high-speed
techniques for efficient training and tokenization of
large datasets [73]. The XLM-RoBERTa model’s bidi-
rectional pre-training enables superior feature extrac-
tion from text, leading to enhanced performance.
Figure 5 illustrates our proposed model. The process
involves the following steps:

(1) Data Reading: Initially, the JAMFA dataset is
loaded into a Python environment. Any empty
data entries are removed at this stage.

(2) Sentence Segmentation: Sentences are then
stored in the array ‘P[i]‘ and processed using
the Sentence Piece Model (SPM) [73]. This
method transforms the sentences into tokens
through encryption.

(3) Feature Extraction: The tokens produced from
encryption are input into the XLM-R trans-
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Figure 3. Efficient Bi-LSTM Neural Network Model (EFB).
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Figure 4. Efficient BERT-Bi-LSTM Neural Network Model
(EBB).

former for feature extraction. Each sentence is
padded to a maximum length of 100 tokens. If a
sentence is shorter, zeros are appended to ensure
uniform length across all sentence vectors. As a
result, the matrix size at this stage is 1024 x 100.

(4) Data Partitioning: The dataset is divided into
two subsets: 67% for training and 33% for test-
ing.

(5) Sentence Classification with CatBoost Gradient
Decision Tree: The CatBoost Gradient Boost-
ing method [74] utilizes a collection of decision
trees to predict target labels, akin to AdaBoost

[75], but with deeper trees exceeding 1 meter.
This technique involves building decision trees
sequentially, each new tree addressing the er-
rors of its predecessors. During training, the
CatBoost Gradient algorithm refines the perfor-
mance of the loss function and minimizes errors
iteratively. In the initial phase, the algorithm
trains the first tree to reduce training errors. As
shown in the right image, the second tree is in-
troduced to further minimize errors from the
first tree. This iterative process continues until
an optimal model is achieved. CatBoost offers
the capability to leverage multiple GPUs for
training and delivers strong performance with
its default settings, thus minimizing the need
for extensive parameter tuning. For this model,
the training consists of 100 iterations executed
on a GPU, with the loss function configured for
multi-class classification.

6 Results of Experiments

This section presents the findings from the evalua-
tion processes. The proposed model was implemented
using Python and the PyTorch library, with computa-
tions accelerated by running the program on a GPU
[76]. Testing was conducted on a system equipped
with an NVIDIA GeForce GTX TITAN X GPU with
12GB of memory and 16GB of RAM. Tables 7 and 8
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display the outcomes of training the model using the
Bi-LSTM/FastText approach. Various configurations
were assessed, including the use of ReLU and Leaky
ReLU activation functions, as well as SGD, Adam,
and Nadam optimizers. The model’s performance was
measured based on accuracy, precision, recall, and
F-measure.

Accuracy =
(TP + TN)

(TP + TN + FP + FN)
(7)

Precision =
(TP )

(TP + FP )
(8)

Recall =
(TP )

(TP + FN)
(9)

F = 2 ∗ (Precision ∗Recall)
(Precision+Recall)

(10)

For both binary and multi-class classification, vari-
ous configurations were tested. The proposed model
configurations employed Adam, Nadam, and SGD
optimizers, with Table 7 summarizing their effective-
ness in binary and multi-class scenarios. Among these,
Leaky ReLU-Nadam achieved the highest accuracy of
81% for binary classification, while multi-class classifi-
cation accuracy reached 61% with the same configura-
tion. Experimental results in Table 8 revealed that the
EBB model delivered the best performance in binary
classification with an accuracy of 88% and a multi-

classification accuracy of 87%. Metrics for both the
FastText-BiLSTM and EBB models are detailed in
Table 8, while Table 9 presents the performance of the
XLM-RC model. Table 10 compares the efficiency of
the models, indicating that while the XLM-RC model
excelled in F-score, the EBB model achieved superior
accuracy overall. Emotion intensity values, ranging
from [−1, 1], were categorized into two classes: A(0, 1]
for strong emotion andB[−1, 0] for weak emotion. The
XLM-RC and EBB models were used to classify these
intensities, with results displayed in Tables 8, 9, and
10. The findings demonstrate that emotion intensity
classification generally lags behind binary and multi-
class classification accuracy, with the XLM-RC model
performing better in emotion intensity classification
compared to the EBB model, as shown in Table 10.

6.1 Discussions

This research focuses on analyzing both polarity and
emotional content in Persian sentences, specifically ad-
dressing six fundamental emotions outlined by Ekman:
joy, sadness, anger, disgust, fear, and surprise [77].
Previous Persian language studies have predominantly
concentrated on sentiment polarity, with limited ex-
ploration of basic emotional intensity. For instance,
the SentiPers dataset only provides polarity intensity
for sentences [3]. Similarly, the PerSent dataset offers
two polarity labels and a five-star rating system to
assess digital product quality [44].
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Table 7. Efficient FastText-BiLSTM Configuration for Binay Classification and Multi-classification.

Model Class Active Function optimizer Accuracy

EFB Model

Binary Classification

Leaky Relu Nadam 0.81

Relu Nadam 0.78

Relu Adam 0.73

Relu SGD 0.70

Multi Classification

Leaky Relu Nadam 0.61

Relu Nadam 0.51

Relu Adam 0.49

Relu SGD 0.47

Table 8. EBB Configuration for Binay classification and Multi-classification.

Model Class Active Function optimizer Accuracy

EBB Model

Binary Classification

Leaky Relu Nadam 0.88

Relu Nadam 0.85

Relu Adam 0.83

Relu SGD 0.83

Multi Classification

Leaky Relu Nadam 0.87

Relu Nadam 0.84

Relu Adam 0.82

Relu SGD 0.81

Emotion Intensity Classification

Leaky Relu Nadam 0.71

Relu Nadam 0.70

Relu Adam 0.68

Relu SGD 0.67

Table 9. XLM-RC Configuration for Binay classification and Multi-classification.

Method Class Accuracy Precision Recall F-Score

XLM-RC

Binary Classification 0.82 0.82 0.82 0.81

Multi Classification 0.72 0.70 0.70 0.70

Emotion Intensity Classification 0.73 0.72 0.71 0.71

In this study, we first introduced the “Persian Emo-
tional Sentences” dataset (JAMFA) and detailed its
creation process. Following this, JAMFA was utilized
across various deep-learning models to determine po-
larity classes and identify primary emotions. The
JAMFA dataset encompasses sentences labeled with
both positive and negative sentiments, primary emo-
tions, and intensity measures. Our findings reveal an

accuracy of 92% in labeling and an emotion intensity
quality ranging from 0.86 to 0.90%. We compared
JAMFA against similar datasets based on several fac-
tors, including labeling granularity, dataset size, num-
ber of emotional tags, tag values, and intensity mea-
surement methods, as detailed in Section 4.3, Table 6.
The comparison highlights that each dataset serves
distinct purposes and can be applied effectively in
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Table 10. Evaluation Metrics of Models.

Method Class Accuracy Precision Recall F-Score

EFB Model

Binary Classification 0.81 0.61 0.60 0.60

Multi Classification 0.61 0.52 0.49 0.50

EBB Model

Binary Classification 0.88 0.76 0.76 0.76

Multi Classification 0.86 0.75 0.72 0.73

Emotion Intensity Classification 0.71 0.70 0.69 0.69

XLM-RC Model

Binary Classification 0.82 0.82 0.82 0.81

Multi Classification 0.72 0.70 0.70 0.70

Emotion Intensity Classification 0.73 0.72 0.71 0.71

specific contexts.

We employed the JAMFA dataset to analyze sen-
tence polarity, classify sentences into basic emotions,
and assess emotion intensity using various models.
However, this study faces some limitations. The
dataset’s size was insufficient for a comprehensive
analysis of emotional intensity. Additionally, due
to the scarcity of research on the intensity of basic
emotions in Persian fiction, comparing and analyzing
results proved challenging. To address the data defi-
ciency in JAMFA, the XLM-RC model was utilized for
emotion intensity analysis. Classification of emotion
intensity was conducted using both the XLM-RC and
EBB models, with XLM-RC demonstrating superior
performance. This indicates that enhancing the data
for the XLM-RC model can improve accuracy in the
absence of extensive data in JAMFA. Compared to
other Persian emotional datasets, JAMFA’s tagging
scope makes it particularly suitable for classifying ba-
sic emotions in literary texts. Since JAMFA is derived
from Persian literary sources, it holds the potential for
advancing natural language processing and emotional
identification in Persian literature in future research.
Ekman’s theory, which identifies six fundamental
emotions—joy, sadness, anger, disgust, fear, and
surprise—was employed in this study. According to
[77] negative emotions are predominant over positive
ones, and Turner et al. found that negative emotions
are more prevalent in human experience [78] This
may have led to a disproportionate representation of
positive and negative emotions in JAMFA. Given its
focus on contemporary Persian fiction, JAMFA could
provide insights into the cultural sentiment of the
Persian-speaking community in subsequent studies.
Initially, FastText embeddings combined with Bi-
LSTM networks were employed for both binary
and multiclass classification tasks. This approach
achieved an accuracy of 80% for binary classification
when utilizing the Leaky ReLU-Nadam configuration.

However, the FastText-BiLSTM model exhibited sub-
optimal performance in multiclass classification. To
address the limitations posed by insufficient training
data, the implementation of an optimized pre-trained
BERT model was explored to enhance accuracy. Var-
ious configurations were tested to improve model
performance metrics. Initially, the ReLU activation
function was used, followed by an evaluation of the
model’s performance. It was observed that switch-
ing to the Leaky ReLU activation function not only
reduced the output to zero but also minimized compu-
tational demands. In the optimization phase, various
strategies were employed to enhance the accuracy of
the model. The findings indicated that the Nadam
optimizer outperformed others in both binary and
multiclass classifications, while the SGD optimizer
demonstrated the lowest accuracy. To provide a more
detailed assessment, a comparative analysis with lead-
ing methods was conducted. To address the limited
number of emotional sentences in the JAMFA dataset,
the XLM-R model was utilized, significantly increas-
ing the volume of training data and thus improving
classification accuracy. A comparison between the
EBB and XLM-RC models was carried out, revealing
that the EBB model, with its specific configurations,
effectively focused on relevant classes through effi-
cient deep-learning techniques. On the other hand,
the XLM-RC model, which operates well with default
settings, proved to be more accurate by mitigating
the data limitations present in the JAMFA dataset.

7 Conclusions

Recent advances in Persian sentiment analysis have
highlighted numerous gaps in datasets that identify
fundamental emotions. This study introduces the
”JAMFA” dataset of Persian emotional sentences, de-
tailing its development process, which includes labels
for sentiment polarity, primary emotions, and the in-
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tensity of emotions. Sentiment intensity is computed
automatically through a combination of deductive
methods and semantic ranking. By leveraging both
human expertise and statistical techniques, the pro-
posed approach aims to enhance accuracy in labeling.
Unlike other sentiment resources, JAMFA offers a
broader range of emotional labels and holds potential
for future expansion. With its robust evaluation and
reliable labeling, JAMFA is well-suited for analyzing
sentiment and emotional intensity in Persian texts.

Given that the data for this collection originates
from contemporary Persian literature, it offers a more
nuanced understanding of societal sentiments. This
dataset is also valuable for analyzing literary texts,
particularly in fields like literary stylistics and so-
ciology, through machine analysis techniques. Vari-
ous strategies were employed during the optimization
phase to enhance the model’s accuracy. Results indi-
cate that the Nadam optimizer achieved superior per-
formance in both binary and multi-class classification
tasks compared to other optimizers. The evaluations
revealed that the EBB model, with its specific config-
urations, effectively targets the most relevant classes
through advanced deep learning methods. To address
the data limitations in the JAMFA dataset, the XLM-
RC model was introduced, which demonstrated im-
proved performance in the F-score, although the EBB
model showed higher accuracy overall. The XLM-R-
Catboost model yielded satisfactory results with its
default parameters. Future research could explore dif-
ferent architectures, such as Transfer Learning models,
and investigate the effectiveness of hybrid networks
in emotion classification.

Using the JAMFA dataset, we developed a model
leveraging BiLSTM and FastText deep learning net-
works to identify emotions in text. The findings in-
dicated that employing the Leaky ReLU activation
function alongside the Nadam optimizer yielded ac-
curacies of 80% for binary classification and 60% for
multi-class classification, outperforming other config-
urations. To enhance data training accuracy, expand-
ing the dataset or utilizing pre-trained models could
be beneficial. Various strategies were implemented to
address class imbalances and improve classification
performance. Given that this dataset derives from con-
temporary Persian fiction, it provides deeper insights
into societal sentiments and offers valuable resources
for literary analysis, particularly in stylistics and soci-
ology. Future research could benefit from integrating
transformer-based models to overcome data limita-
tions and improve model accuracy. Additionally, with
an increased dataset size, future studies could explore
the intensity of emotions using different transformer-
based deep learning models applied to the JAMFA
dataset.
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