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Abstract

Sentiment analysis is the procedure of extracting information from given text about several functions,
human beings, systems and facts. Sentimental analysis utilizes data mining and natural language
processing (NLP) techniques to unearth, discover, retrieve and refine the information from the World Wide
Web’s limitless textual information. The sentiment analyzers for several high-resource languages and
certain Indic languages are completely developed. However, Tamil that is considered as a morphological
rich language has not experienced these advancements. This paper proposes a novel method called, Multi-
Scale Attention and Domain Adaptive Transfer Learning (MSA-DATL) for performing intelligent sentiment
analysis as positive, negative or neutral. The proposed method includes three complementary components.
They pre-processing, keyword extraction and classification for performing morphological rich sentiment
analyses using Tamil text. First, Multilingual Text-To-Text-Transfer-Transformer-based Pre-processing is
performed. Following which Multi-Scale Attention Mechanism-based Keyword Extraction using Sliding
Window for short range contextual dependencies and Sparse Attention function for long range contextual
dependencies are done. Finally, Domain Adaptive Transfer Learning-based Classifier is applied for efficient
sentiment analysis. Experimental results on the dataset used in our work show that the proposed MSA-
DATL method achieves 29% accuracy, with weighted-average precision, recall of 29%, 28% respectively,
significantly outperforming baseline methods. These findings illustrate the robustness and efficiency of our
method making a notable contribution to intelligent analysis of morphological rich Tamil text.

Keywords: Morphological Rich Text, Sentiment Analysis, Multi-Scale Attention, Sliding Window, Domain
Adaptive, Transfer Learning.

1. INTRODUCTION

The emergence of the internet has triggered an eruption of content generated by user,
enabling humans to share their opinions on several topics. Nevertheless, with the
increase in the volume of data, the issue of timely and effective relevant information
extraction becomes increasingly critical, emphasizing the requirement for sophisticated
computational linguistic techniques. Sentiment Analysis within NLP plays a demanding
role is ascertaining the sentiments expressed in textual data.A novel method called,
CMSA-mBERT was proposed in [1] for multiclass sentiment analysis of low-resource
language using multilingual transformers. To perform sentiment analysis followed by
conventional NLP techniques, transformer based libraries were exploited for performing
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tokenization and embedding. Next, Multilingual Bidirectional Encoder Representations
from Transformers (MBERT) model was applied with the intent of performing optimization
and were trained for multiclass sentiment analysis therefore ensuring notable
enhancement in terms of precision, recall and accuracy for sentiment analysis in low
resource language. In spite of improvement observed in terms of precision and accuracy
however the time consumed in multiclass sentiment analysis of low-resource language
was not performed. To focus on this aspect in this work prior to keyword extraction, pre-
processing using Multilingual Text-To-Text-Transfer-Transformer is applied that via
tokenization and encoding generates results in a computationally efficient manner for
further processing. A novel utilization of adapter-based tuning in multilingual transformer
models, called, an adapter-based mDeBERT was proposed in [2] for classifying abusive
comments in Tamil. Initially to increase the frequency of comments using preprocessing
and text augmentation were performed. Followed by which adapter-based model was
applied for not only extracting relevant feature but also to fine tune them that in turn
minimized the trainable parameter frequency with improved precision and accuracy.
Despite improvement in terms of precision and accuracy however the false positive rate
involved for classifying abusive comments in Tamil was not conducted. To address on
this aspect, Domain Adaptive Transfer Learning-based Classifier is used that based on
the adversarial loss and sentiment classification loss in turn reduces the overall
falsification of sentiment analysis in an accurate manner.

Conventional methods involved in sentiment analysis combined with static embeddings
frequently lack in encapsulating deep contextual relationships within text. In [3], a hybrid
deep learning method incorporating ROBERTa embeddings and convolutional neural
network (CNN) was presented to analyze movie reviews for real time sentiment
prediction. Nevertheless sentiment analysis in low-resource language received less
attention because of language complexity. To address this research gap an ensemble
method for predicting sentiments in Tamil languages was proposed in [4] with improved
accuracy.

The resilience of recognition of character based on handwritten text depends on its
potentiality to generalize across different hand writing styles due to their complicated
structures and structural complexities. In spite of Tamil’s linguistic significance and
constrained resources have posed issues for designing efficient effective recognition
methods. Multilingual transformer model was applied in [5] to enhance NLP task
performance for low-resource languages. However computational efficiency was not
focused.Deep learning based method tailored for Tamil script digitization to improve
computational efficiency without compromising accuracy was presented in [6]. Yet
another method focusing of computationally effectiveness along with accuracy employing
fast recurrent neural networks was proposed in [7].

Sentiment Analysis (SA) has attained notable evolution over the recent decades among
the advancing applications, to name a few being, social networks and decision-support
systems. Moreover of late the mushrooming of data volumes for Dravidian languages has
made SA a notable task in generating useful information. A comprehensive review on the
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application of machine learning (ML) and deep learning (DL) techniques for sentiment
analysis was investigated in [8]. Moreover a comprehensive discussion of the issues,
disadvantages and elements contributing to enhanced accuracy within the domain of
sentiment analysis using DL algorithms was presented in [9]. The standard works are
concentrated more on the analysis of monolingual language and lack a comprehensive
study of the recent trends. A survey on the advancing perspective of SA in morphological
low-resource language with a specific concentration on Dravidian languages was
investigated in [10].

Morphological synthesis is one of the foremost elements to be considered when both of
the source and target languages are morphologically rich. The two languages in India
considered to be morphologically rich as well as agglutinative are Malayalam and Tamil.
Nonetheless, researchers are progressively focused in navigating the prospective of
transformed based methods that have been pre-trained for numerous natural language
processing applications, specifically for limited resource languages. The efficiency of four
pre-trained transformer models was investigated in [11] for sentence wise sentiment
analysis accurately.

A dual branch neural network was presented in [12] contributing to safer online
environments with improved accuracy. A plethora of DL algorithms for morphological
synthesis in Tamil at the character level was designed in [13] with enhanced accuracy.
Three under resourced Dravidian languages were analyzed in [14] using ML and DL
methods therefore ensuring minimal false positive rate. A hybrid morphological analyzer
contributing to agglutinative and morphological nature was designed in [15].

1.1 Research Gap

In spite of extensive studies on morphological rich Tamil text sentiment analysis involving
high quality and specialized learning methods, gaps in research persist. One area with
room for exploration is the use of transfer learning methods to process morphological rich
Tamil text based on both source and target data. Moreover, the interpretability of transfer
learning and sentiment analysis with Tamil text is in the inception stage, with constrained
mechanisms for comprehensively understanding keyword significance. Addressing these
gaps is crucial for improving sentiment analysis results.

1.2 Contributions of The Work

To address on the above said issues, like reducing false positive rate and measure
accurate sentiment analysis for morphological rich Tamil text, a method called, Multi-
Scale Attention and Domain Adaptive Transfer Learning (MSA-DATL) is designed. The
contributions of the MSA-DATL are listed as given below.

e To design a robust sentiment analysis for morphological rich Tamil text using Multi-
Scale Attention and Domain Adaptive Transfer Learning (MSA-DATL) based on pre-
processing, keyword extraction and classification.

e To reduce execution time involved in sentiment analysis, Multilingual Text-To-Text-
Transfer-Transformer-based Pre-processing is used.
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e To design Multi-Scale Attention Mechanism-based Keyword Extraction algorithm that
employing sliding window-based local attention and sparse attention-based global
attention extracts both fine-grained keywords and coarse-grained keywords,
therefore contributing to improved precision and reducing the overall false positive
results.

e To propose Domain Adaptive Transfer Learning-based Classification algorithm for
morphological rich Tamil text sentiment analysis where by applying adversarial
training loss and sentiment classification loss improving overall sentiment analysis
accuracy.

e Finally, comprehensive experimental assessment is carried out with five dissimilar
performance metrics, precision, recall, accuracy, execution time and false positive
rate to illustrate the proposed MSA-DATL method over traditional methods.

1.3 Organization of The Paper

This paper is organized as follows: In Section 2, we prompted our study by presenting the
background and related work regarding sentiment analysis using deep learning and
transfer learning methods. In Section 3, we present the details of our proposed Multi-
Scale Attention and Domain Adaptive Transfer Learning (MSA-DATL) for sentiment
analysis. A comprehensive qualitative analysis and inferences are described in Section
4. Experimental results with elaborate discussion using traditional methods using table
and graphical representations are provided in Section 5. Finally, concluding remark is
included in Section 6.

2. RELATED WORKS

Low-resource domain area sentiment analysis has observed notable evolutions over the
past few years. A review of sentiment analysis of low-resource text using DL algorithms
was presented in [16]. The specific objective here remained in identifying suitable
methods for sentiment analysis in low-resource domain. Also the role of transfer learning
in low-resource language based sentiment analysis was also narrated. Morphological
analysis over the informal Tamil content becomes complicated as the language has
differing representation for same word.

In [17] Yarowsky algorithm was used for contextual meaning analysis with minimal time
complexity. An unsupervised method for analyzing sentiments using artificial intelligence
(Al) techniques was proposed in [18] based on polarities of extracted opinions, therefore
ensuring accuracy of detection. Nevertheless matter of concern is that it lacks text context
semantics. A model for sentiment classification based on manifold dimensions was
proposed in [19] to address sentiment analysis in the absence of text context semantics.
Correct sentiment interpretation was conducted in [20] using ML and DL methods with
improved accuracy.

Research works on NLP are specifically performed in English, with very few navigating
languages that are said to be under-resourced, including the Dravidian languages. In [21]
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a novel method in offensive language detection employing a corpus obtained from
YouTube containing comments in Tamil was presented. The work notably strived to make
an in-depth comparison between supervised and unsupervised ML algorithms with the
intent of detecting offensive patterns present in textual communications achieving an
impressive accuracy.

Novel sophisticated ML techniques were proposed in [22] for performing sentiment
analysis in digital communication systems. Yet another multi stage deep learning
architecture was presented in [23] to efficiently analyze sentiments by performing well
with low-resource languages. This in turn significantly outperformed baseline methods in
terms of accuracy. A survey of ML and DL techniques for performing sentiment analysis
and their practical applications were detailed in [24].

A recent review on methods, issues faced while performing sentiment analysis employing
ML and DL techniques for low-resource language was investigated in [25]. A
comprehensive study investigating the methodological aspects, performing a holistic
planning process analysis along with the procedures being implemented and mechanism
utilized in ascertaining the data or keywords to be included or exclude in the evaluation
framework were detailed in [26]. A sentiment analysis mechanism using DL for text
including low-resource and high-resource was proposed in [27] with improved accuracy.
An exhaustive review on sentiment analysis for Dravidian language employing pre-trained
architecture and DL algorithms was presented in [28].

Overall, prior research reveals a clear advancement from rule-based and statistical
methods toward deep learning based architectures across Tamil NLP domains. In spite
of notable improvement has been made, the consistent issue of constrained annotated
source data for morphological rich Tamil text underscores the requirement for transfer
learning to boost classification performance.

3. MATERIALS AND METHODOLOGY
3.1 Data Collection and Dataset Description

The ThamizhiMorph dataset (i.e. source) used in our work extracted from
https://github.com/sarves/thamizhi-morph is an open source Tamil morphological
analyzer and generator utilized for tokenizing and POS tagging (i.e. nouns and verbs).
The dataset contains 80K nouns and 18 verb classes. On the other hand, the MADTRAS
dataset (i.e. target) extracted from https://data.mendeley.com/datasets/p59cfx4vx6/2
includes the following comments positive, negative or neutral.

3.2 Multi-Scale Attention and Domain Adaptive Transfer Learning Based Sentiment
Analysis for Morphological Rich Tamil Text

The proposed method is a novel mechanism for sentiment analysis that strives to analyze
and classify sentiments in a morphological rich target Tamil text language by harnessing
knowledge from inflected words a more low-resource source language. The proposed
method contains of three associated stages intended to address the issues concerning
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linguistic complexities and morphological richness of the Tamil language efficiently.
Morphological synthesis is the procedure of combining two words in accordance with the
Sandhi rules of the morphologically rich Tamil language in India as well as agglutinative.
We formulated the task of the morphological generation of nouns and verbs of Tamil as
a character to-character sequence tagging problem. The proposed method architecture
is illustrated in figure 1.

Multilingual
former(P;

text-to-text-ir

ThamizhiMorph - 1= ] |
dataset

Sentiment analysis using domain Padding

Adaptive Transfer Learning (Classifier)
[ [idat] _
Padded ID, Padded ID,

Multi-Scale Attention mechanism(Keyword
Extraction)

Figure 1: Architecture of MSA-DATL Based Sentiment Analysis

As illustrated in the above figure the overall process of intelligent sentiment analysis of
morphological rich Tamil text is split into three sections. They are pre-processing,
keyword extraction and classification for intelligent sentiment analysis of morphological
rich Tamil text. First, with the samples attained as input, Multilingual Text-To-Text-
Transfer-Transformer-based Pre-processing via tokenization, encoding and padding is
performed for conducting sentiment analysis of morphological rich Tamil text.

Next, Multi-Scale Attention Mechanism-based Keyword Extraction via Sliding Window-
based Local Attention and Sparse Attention-based global function is performed, therefore
generating relevant keywords for further processing. Finally, Sentiment Analysis is
performed using Domain Adaptive Transfer Learning-based Classifier. The numerous
steps in the proposed method are demonstrated in the following subsections. By splitting
down inflected Tamil words (i.e. source) into roots or morphological features (i.e. target)
address agglutination that is critical for accurate sentiment analysis. The generated
results are in positive state (i.e. reviews contain an implicit/explicit clue in the content
recommending that the speaker is in a positive state), negative state (i.e. reviews contains
an implicit/explicit clue in the content recommending that the speaker is in a negative
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state or neutral state (i.e. reviews does not contain an implicit/explicit clue of the speaker’s
emotional state).

3.3 Multilingual Text-To-Text-Transfer-Transformer-Based Pre-Processing

In the input preprocessing stage of the proposed method for intelligence sentiment
analysis of morphological rich Tamil text, raw text data from both the source and target
models are processed and converted into a pertinent arrangement for upcoming stages.
In the proposed method the Multilingual Text-To-Text-Transfer-Transformer tokenizer
and encoder are used in tokenizing and encoding the raw sample text data. Figure 2
shows the structure of Multilingual Text-To-Text-Transfer-Transformer-based Pre-
processing model.

e

ThamizhiMorph
Source dataset samples dataset Source dataset samples

Source tokenization Target tokenization

Source encoding

Target encoding N

Encoding Tokens _, IDg

g

Tokens —>
S06n S5 DA noR | e

D .

v
Target padding

TN L e R T

Pre-processed results

Figure 2: Structure of Multilingual Text-To-Text-Transfer-Transformer-
Based Pre-Processing Model

As illustrated in the above figure the overall procedure of pre-processing is split into three
parts. They are tokenization, encoding and padding. To start with the raw sample text
data obtained from both ThamizhiMorph dataset (i.e. source) and Tamil Sentiment
Analysis dataset (i.e. target) are subjected to pre-processing. Here both tokenization and
encoding procedures are performed by applying Multilingual Text-To-Text-Transfer-
Transformer function. Here, character-level and word-level tokenization is performed for
both the source and target models to convert the sample text data into token sequences.
Next the process of mapping based on pre-defined vocabulary is performed via encoding.
Finally, to attain similar length padding is performed therefore generating pre-processed
results.
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Tokenization is the procedure of splitting down the raw sample text data into sequences
of tokens including words, sub-words or characters. The Multilingual Text-To-Text-
Transfer-Transformer tokenizer by exploiting sub-word tokenization concept on the basis
of the SentencePiece library incorporates the advantages of both character-level and
word-level tokenization. Let ‘Ps’ (i.e. Tamizhi Morph dataset), ‘P;’ (i.e. Tamil Sentiment
Analysis dataset) denote the raw sample text data in the source and target languages.
The Multilingual Text-To-Text-Transfer-Transformer tokenizer converts the sample text
data into token sequences as given below.

Ps = {Token$, Tokens, ....., Token3,} (1)
Py = {Token!l,Token?, ....., Token?} (2)

From the above equations (1) and (2) the raw sample text data ‘P’ from the corresponding
source ‘S’ and target ‘T’ are split into corresponding ‘m’ and ‘n’ samples respectively.
Upon successful completion of the tokenization process the tokens required to be
mapped to their respective IDs prior to being fed into the deep learning model as input.
The Multilingual Text-To-Text-Transfer-Transformer encoder does this process of
mapping on the basis of a pre-defined vocabulary. Let ‘Encg(.)’ and ‘Enc;(.)’ denote the
encoding functions for source and target models, then, the token sequences are mapped
to ID sequences as given below.

ID; = Encg(Token;) 3)

ID] = Ency(Token|) (4)
From the above equations (3) and (4) the resulting sequences of ID for the corresponding
source and target models are then mathematically defined as given below.

IDs = {ID},ID5, ..., ID3} (5)

ID; = {IDT,IDI, ..., IDI} (6)

To speed up batch processing, the ID sequences required to be padded with the intent of
possessing similar length. The process of padding is done by adding distinctive special
padding tokens to the sequences till they outreach maximum length. Let ‘I(S)’ and ‘I(T)’
indicate the maximum lengths of the ID sequences in the source and target models
respectively. Then the padded ID sequences are mathematically denoted as given below.

PadlDs = {ID;,ID3, ..., IDj)} (7)
PadID; ={ID],ID], ...,ID{ 1} (8)

As given above the input pre-processing of the proposed method makes certain that the
raw sample text data is tokenized and encoded appropriately, getting ahead pertinent for
further processing. By using the Multilingual Text-To-Text-Transfer-Transformer the
proposed method efficiently handles the tokenization and encoding of raw sample text
data in both source and target models for performing sentiment analysis of morphological
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rich Tamil text. The pseudo code representation of Multilingual Text-To-Text-Transfer-
Transformer-based Pre-processing is given below.

Algorithm 1: Multilingual Text-To-Text-Transfer-Transformer-Based Pre-
Processing

Input: Source Dataset ‘DS’, Target Dataset ‘DS;’

Output: Computationally-efficient pre-processed samples

1: InitializeSource Dataset Samples ‘M’, Target Dataset Samples ‘N’
2: Begin

3: Foreach Source Dataset ‘DSg’, Target Dataset ‘DS;’, ource Dataset Samples ‘M’, Target
Dataset Samples ‘N’

/IMultilingual Text-To-Text-Transfer-Transformer-based Tokenization

5: Perform tokenization separately for source and target according to (1) and (2)
/IMultilingual Text-To-Text-Transfer-Transformer-based Encoding

6: Perform encoding separately for source and target according to (3) and (4)

7: Generate sequences of ID for corresponding source and target models according to (5)
and (6)

//Padding

8: Generate padded ID sequences according to (7) and (8)
9: Return pre-processed sample text data ‘PadlDs, PadID;’
10: End for

11: End

As given in the above algorithm initially the source and target dataset are subjected to
pre-processing. Owing to the agglutinative nature the morphological rich Tamil words are
formed by joining several morphemes. The Multilingual Text-To-Text-Transfer-
Transformer employed in our work uses subword-level tokenization that efficiently splits
down complicated Tamil words into meaningful root or morpheme, circumventing
vocabulary sparsity. In addition by merging words or sandhi using Multilingual Text-To-
Text-Transfer-Transformer separately via tokenization and encoding notably enhances
tokenization quality, therefore reducing overall execution time.

3.4 Multi-Scale Attention Mechanism-Based Keyword Extraction

The Multi-Scale Attention mechanism to sentiment analysis necessitates producing a top-
down approach. Owing to the agglutinative nature of morphological rich Tamil text
language the mechanism processes pre-processed sample text data at quite a few
granularities (i.e. characters, syllables, words). The mechanism allocates higher weights
arbitrarily to syllables that convey strong sentimental value found to be pivotal in
morphologically rich languages like Tamil. In the proposed method Multi-Scale Attention
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Mechanism-based Keyword Extraction is employed. The keyword extraction model
employed allows the proposed method to look at fine-grained keywords (i.e. suffices) and
coarse-grained keywords (i.e. words or phrases) in a simultaneous fashion for
morphologically rich languages like Tamil. Figure 3 shows the structure of Multi-Scale
Attention Mechanism-based Keyword Extraction model.

Sliding window-based local Attention

Local G.K.V Local window Local attention
Sliding window projection attention score results

< B ]
i

Features extracted
results

Global attention score Global attention results

Figure 3: Structure of Multi-Scale Attention Mechanism-Based Keyword
Extraction

As illustrated in the above figure the pre-processed sample text data are provided as input
to the Multi-Scale Attention Mechanism-based Keyword Extraction model. It enables the
keyword extraction process by concentrating on both detailed local features and high level
global context information. Here a hierarchical model is employed where the first part
encapsulates local word-level features whereas the second part employs global attention
to model dependencies between these segments.

Also with the agglutinative structure better management is ensured by splitting down
words in morphemes therefore permitting attention to concentrate specifically on the
sentiment-handling part instead of their word.

3.4.1Sliding Window-Based Local Attention

Local attention in our work utilizes a constrained receptive field with 8 attention heads to
encapsulate adjacent contextual patterns within a sliding window. For each position in the
sequence, local attention function is measured only over adjacent positions. Initially
character level tokenization process is involved handle agglutinative word structures. This
is mathematically defined as given below.

Q. K., V, = PadIDsPadID+ W, PadlDsPadlDr Wy, PadlDsPadl D Wy 9)
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From the above equation (9), ‘W}’, ‘WE and ‘W}’ denotes learnable projection matrices

for query, key and value respectively. With the obtained projection value results local
window attention scores concentrating on local context via sliding window segmentation
is given below.

exp[Qy,()).k(NIT //Dimy
LAtt;; = {Zkew, explQL()KLUONT/\/Dimy”
0, Otherwise

Finally with the above obtained results (10) to encapsulate correlations between adjacent
suffices and root words local attention mechanism is formulated as given below.

From the above equation (11) the value vector attention score results are aggregated
from equation (10) therefore generating representations that facilitate immediate
contextual patterns.

3.4.2 Sparse Attention Long-Range Dependencies-Based Global Attention

Global attention encapsulates long-range discourse patterns by measuring attention over
the entire sequence. The reason is that specialized mechanisms are required to handle
agglutinative suffices. This is mathematically defined as given below.

Qc, K¢, Vo = PadIDsPadID;W§, PadlDsPadID;Wi¢, PadlDsPadl Dy Wi (12)

From the above equation (12), ‘WS’, ‘W¢’ and ‘W,¢’ denotes learnable projection matrices
for query, key and value respectively for global attention. With the attained projection
value results global window attention scores concentrating on global context via long-
range dependency mechanism is given below.

KT
Att; = softmax (ﬁﬁ) Vg (13)
From the above equation (13) by applying the sparse attention function via ‘softmax’
allow sophisticated global tokens to focus on the entire sequence. Finally the optimal
fusion strategy between local and global features allowing the method to arbitrarily fine-
tune based on the high morphological variance is as given below.

KE = a * Att; + (1 — a) * Att, (14)

From the above equation (14) results a learned weight fusion of local and global attention
outputs with ‘a’ controlling the balance at each position and feature dimension by
operating at several linguistic levels in a simultaneous fashion.

This in turn therefore improves the extraction accuracy of relevant features in
morphological rich Tamil text. The pseudo code representation of Multi-Scale Attention
Mechanism-based Keyword Extraction is given below.
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Algorithm 2: Multi-Scale Attention Mechanism-Based Keyword Extraction

Input: Source Dataset ‘DS’, Target Dataset ‘DS’

Output: precise keyword extraction

1: Initializepre-processed sample text data ‘PadilDg, PadID;’, sliding window length ‘W = 7’,
‘a =01

2: Begin

3: Foreach pre-processed sample text data ‘PadlDs, PadIDy’
//Sliding Window-based Local Attention

/[Character-level Tokenization

4: Generate character-level local tokenized results according to (9)
//Sliding window-based Segmentation

5: Generate local window attention score results according to (10)
/[Correlated local attention mechanism

6: Generate local attention results according to (11)

7: End for

8: For each pre-processed sample text data ‘PadlDs, PadIDy’
/ILong-range Dependencies-based Global Attention
/[Character-level Tokenization

9: Generate character-level global tokenized results according to (12)
/IlLong range dependency based global attention mechanism
10: Generate global attention results according to (13)

11: Evaluate feature extraction results according to (14)

12: Return features extracted ‘FE’

13: End for

14: End for

15: End

As given in the above algorithm keyword extraction is performed using Multi-Scale
Attention Mechanism via local and global aspects. Given Tamil’s rich morphology nature,
attention mechanisms are designed in such a manner so as to be morphology-aware. By
using this function the sample words (i.e. puththakankal) extracts morphemes (i.e. kal)
and lemmas (i.e. puththakam) with the intent of handling suffix variations that is said to
be pivotal for ascertaining the true sentiment of words with enhanced precision. This
keyword extraction model applies attention at numerous granularities (i.e. morpheme-
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level and sentence-level) to comprehend contextual associations therefore reducing the
overall false positive rate.

3.5 Sentiment Analysis Using Domain Adaptive Transfer Learning-Based Classifier

A transfer learning technique called domain adaptation for morphological rich Tamil text
sentiment analysis is first deployed in such a manner that it enables a sentiment classifier
trained on a labeled source domain to perform accurate on a target domain. By applying
the transfer learning based domain adaptation with the morphological rich Tamil text
formed by adding multiple suffices to a root work, the proposed sentiment analysis
method understands that ‘BedTmM& (good) and ‘BeormMTS&UImGHSS! (it was good)’
demonstrate similar sentiments irrespective of the context. With this transfer learning
based domain adaptation it resolves the issue where sentiment words have different
meanings across contexts, improving the overall sentiment analysis accuracy rate. In the
proposed method adversarial training is applied with the objective of attaining improved
sentiment analysis accuracy. The transfer learning domain adaptation-based classifier is
trained with the objective of maximizing the classification accuracy. This is mathematically
defined as given below.

Lpgy = Eps-ppg(p) [log DC(f(Ps))] + Ep.~pD(P) [108 DC(f(PT))] (15)

From the above equation (15) the adversarial training loss result ‘L,4,’ is arrived at based
on ‘DDs’ and ‘DD;’ denotes the domain classifier for source and target models
respectively. Following which sentiment classifier result, a fully connected layer formed
using softmax function ‘Class(.)’ is included to predict the sentiment analysis results. The
classifier is trained on the labeled target model by reducing the sentiment classification
loss ‘Lg-’ as given below.

Lsc = XN Res;log(Class(PadIDr[i])) (16)

From the above equation (16) ‘N’, represent the number of pre-processed samples in the
Target Dataset ‘DS;’ with ‘Res;’ denoting the one-hot encoded label for the ‘i — th’ pre-
processed sample (i.e. positive, negative or neutral) and ‘Class(PadID[i])’ representing
the predicted probability distribution over sentiment classes for ‘i —th’ sample
respectively. The pseudo code representation of Sentiment Analysis using Domain
Adaptive Transfer Learning-based Classifier is given below.

Algorithm 3: Domain Adaptive Transfer Learning-Based Classifier

Input: Source Dataset ‘DSs’, Target Dataset ‘DS’

Output: accurate sentiment classified results

1: Initializepre-processed sample text data ‘PadiDg, PadID;’, features extracted ‘FE’

2: Begin

3: For each pre-processed sample text data ‘PadIDs, PadID;’ and features extracted ‘FE’
//[Domain adaptation
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4: Generate adversarial training loss result according to (15)
/ISentimental analysis Classification

5: Generate sentiment classifier training loss results according to (16)
7: End for

8: End

As given in the above algorithm with the pre-processed samples and relevant keywords
extracted provided as input are subjected to a classifier model with the objective of
performing accurate sentiment analysis. As provided in the above algorithm first an
adversarial training loss function is evaluated via domain classifier with the intent of
reducing the mismatch between source and target data, therefore enhancing overall
sentiment analysis classification accuracy. Also by applying Multilingual Text-To-Text-
Transfer-Transformer pre-trained models as input are fine-tuned for performing sentiment
analysis classification therefore outperforming conventional machine learning methods.

4. CASE STUDY AND INFERENCES

In this section case analysis of morphological rich Tamil text based sentiment analysis is
performed by applying a novel method called, Multi-Scale Attention and Domain Adaptive
Transfer Learning (MSA-DATL). Though roughly 1300 sentiments are present in the
dataset to perform simulation ten samples were analyzed and among them three samples
performance analysis are detailed.

P Original Text

S(H HEvew BlenTssams Q& meorL Sl eulgGaus HILIL &b UEsTs QHss 2-swrlS iy dasan ys wreflurs
AGHSS SO Baw ULL @I

P Cleaned Text

S Hevew BlenTsEams QTS euly.Geush LY Wsab UEsTS Qmhss es5wH S iy Waseayn Ls wreflurs
AGH55! S Hevew UL @S

P Tokenization (19 tokens)

00D DD
DOCDHDOOOO
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» Morphological Analysis
# WORD (Q&mev) ROOT (Geuiy) SUFFIX (L9eor Qo1 (B POS TAG
- ow , D
2 HEVEV HEVEV = m
3 BlenTE ST BnTESHMS - @
4 Q& ITesoTL 51 Q& MevoTL 51 - @
5 6Ly Bausy allg Geausu - @
s maou —— : Loun
7 Wseyn Slsey 73} @
o upere @sre : D
9 aobss acHss @aprb s <D
10 2 swElS = sWwES - @
v meo . : <D
12 S & eaylb wSsey 173} m
b s y p D
14 wmrsSflwmss wrSflwmss - m
15 Bmhs s AwHS s @ emih e s [ vere ]
1 s® s© (EETID)
17 JEEN Beuew - @
18 [T (ST %] m
v e @ & =
19 14 14 3

TOTAL TOKENS UNIQUE TOKENS NOUNS VERBS

Review #2 12 tokens | 9 nouns | 3 verbs

» Original Text

WEemFsasmyesT 1 1656 CUTFISGLD suensuiley @) UBH5SS] 2LeTT6L LNFNFESMTT6ET 2 2jems CUMTFISGID CLUIMSI QSMERFLD
Semmeysmest

P Cleaned Text
WEenFssmyeT bsa|b CUMTEISGID sueansuiley @) IBH S5 SLTTeL NFamFSEEMTTeT sjemns CUMEISGID CUMSI QSMEFLD
SemmeysmesT

» Tokenization (12 tokens)

p—
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» Morphological Analysis
# WORD (Q&Tev)
1 S &FemassmyesT
2 Sls ey
3 CUIMTFHESID
4 euemasuilev
5 DCH55!

6 B4,60TITEV

7 LN & e &g 8 myetT
8 emS

9 CWMTAS&GID

10 Gums

11 Q&MEHFLD

12 (&6 M 6 S TedT

12

TOTAL TOKENS

ROOT (@eurj)

NFemsssmy

1Slsey

GuIme&

eusmsuilen

[alGl

SLEVTITEY

WNEemsdssmy

s
Cum&
curmr
Q&mEps

SenpasT

10

UNIQUE TOKENS

SUFFIX (L9 eorQeorm_(5))

60T

FH@ELD

LTBHSS!

NOUNS

3
:
3

<
m
»
@
7}

P Original Text

P Cleaned Text

p Tokenization (5 tokens)

srrsSuiler LB @SS aeuss5Tes cTeooTassl S GrmedT

srFsSuiler LB @WES auSE5TE eTetoTsssI S Gmedr

Review #3 5 tokens | 4 nouns | 1 verbs

» Morphological Analysis

# WORD (G\&IT6v)
1 SMTrS&uiler
2 w&H iy
3 QLGS
4 US55 TS
5 6T 600T s &) B 60T
5

TOTAL TOKENS

ROOT (Geury)
STissud
&Iy
AEs
UGG TS

6T60OTSDI

5

UNIQUE TOKENS

SUFFIX (L9161 Gleorim (G

60T

NOUNS

Figure 4. Samples with Pre-Processed Results
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As shown in the above figure three samples were attained for performing pre-processing
using Multilingual Text-To-Text-Transfer-Transformer model. First, samples from target
were cleaned and tokenized as shown in the left hand side for further processing.
Following which the right hand side results shows the morphological analysis performed
for the source data. By performing tokenization along with encoding and padding for the
target data and morphological analysis for the source data the execution time involved in
the overall process is said to be reduced. Next, the keywords extracted results are
provided as given below in figure 5.

19 tokens | 2 suffixes | 18 bigrams

P Original Text

S BHeveL BeTE S Q\&MesoTL S aulgGeusy Byl Wsab USSTs @/hHSS! 2 5WHlS) Byl Wbseayn ys wrSfluns
AGHS5S! SO HeLeL LILD @S

19 14 2 18 17 1
TOTAL TOKENS UNIQUE TOKENS SUFFIXES FOUND BIGRAMS TRIGRAMS DOMAIN PHRASES

WORD (Q& mel) ROOT (GSeuiy) SUFFIX (L9l airQeor me B TYPE GRAMMATICAL INFO POS
L ew e <D o)
meves meuen <D [ aos ]
3 S p—— Sorsmams <D D
4 [oye—— @emrevor g [ roone | [ orvien |
] euLg Geusn culg Geusn [ none | [ omvier ]
o mumo macns <D Loy
s e P < aD
a USsrs LSis e [ mone ] [ orier J
s ABHBS S ao Bos [ vens PAST-3SN [ vers ]
0 esurS esuHIS  rone J | ome )
v meou pad rone) D
12 S & ayib l&eyld m @
13 us us: [ non |
14 wreErflwrs Lreflwrs m @
5 Awbss ao LEFY [ vers ] PAST-35N (" vers ]
v oo oo [ one ) D
v mee e Lone’ o
o i c Lrove
o @ o Lron Loruer

) Coarse-Grained Analysis (Phrases & N-grams)

P Identified Domain Phrases

56UV LIL LD
GOOD-MOVIE
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Review #2 12 tokens | 3 suffixes | 11 bigrams

» Original Text

Weamesasnrear 1 Wseayb CUTH&ED susnsuile @ BHSS 2T LNEmESSTT6r 2 g CUNE&EGh Cung O&sTEEFD
GODaYSTeT

10 0

UNIQUE TOKENS FOUND DOMAIN

" Fine-Grained Analysis (Morphological Decomposition)

* WORD (Q\&5 T6) ROOT (Ceul}) SUFFIX (Slebr Qe e’ @) GRAMMATICAL INFO POS

1 S&ensgamysim Séenessmyer m @
2 Wlseyn lseayn @ @
1 ewnBlsEin G S@in PART-FUT [ vers }
4 susmsuilén suemsuiley NONE
5 Aohss ao LET veRs PAST-35N [ vers ]
6 2, GO SLETTITED m @
7 Ysensssmyer Heamesasysr @ @
. = e =
9 CuwnEiE g G &L VERB PART-FUT m

1 Coarse-Grained Analysis (Phrases & N-grams)

TYPE N-GRAM / PHRASE COUNT
- Vemessnyar daaywn 1
O Baayib Guréeih 1
- &G aumsuin 1
- amstls QOH58 1
o DOBEE e 1
TRGRAM Gemesanmer Baaib CuTSaeih 1
- daab CurH&Eh amauilsn 1
- CwnPsEb wmsls QOH5S 1
- amslls QOH5E ST 1
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Review #3 § fokens | 1 suffces | 4 bigrams

P Original Text

s1i58uller wH LY @&s s SsTs e Gmer

5 5 1 4 3 0

TOTAL TOKENS UNIQUE TOKENS SUFFIXES FOUND BIGRAMS TRIGRAMS DOMAIN PHRASES

#  WORD (Qames) ROOT (Gauif) SUFFIX (1SlebrQyenr i’ (51) TYPE GRAMMATICAL INFO POS

1 erpsBulen amigBuler - D Lo
2 w\ly w iy = [ nowe ] [ orrien |
3 @wss P - [ sowe ] [ omees |
PRr—— = : o D
5 eretoTERN@ GmeiT eretoTgzal fcweir D PRES-1S

TYPE N-GRAM / PHRASE COUNT

| BiGRAM srisSuier LBy 1

- wH LY Gres 1

- @rss mausssns 1

- 6 S5 e o enoT ez ) G myeiT 1

| TRIGRAM sris@uiler iy Qpse 1

- wHLY Guss ausssnes 1

- BPes muSSFTE e em & Cme 1

Figure 5: Keyword Extracted Results

As shown in the above results, with three samples provided as input, fine-grained and
coarse-grained results are separately obtained. With the obtained results, the keywords
are extracted by applying Multi-Scale Attention Mechanism-based Keyword Extraction
algorithm. By applying this algorithm attention mechanism at numerous granularities (i.e.
morpheme-level and sentence-level) comprehend contextual associations therefore
reducing the overall false positive rate with improved accuracy.

Finally with the pre-processed sample results and keyword extracted results as input are
applied for the classification process. Figure 6 shows the classified results of ten samples
for morphological rich Tamil text-based sentiment analysis.
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# Review (s1811p) Serc;ilr]r:nt Confidence
- R HEV6L Flenssens CanesTLgl auGas Byl Wlaaw yHlsts B mbssl 2 swihld) by e ygl wrdlflurs m 1.00
BOHSS PO BV LLD @ )
5 N&emessmrss 1 &sa|b Curf @b suamsuilsy G mbssl aTms 1NFamesaTsT 2 Jeng CUTHlsEh Gung ClsmErsID 092
[GRylubi ’
3 amisHuller vy Guss 3 eregoTgEn) ElGmes [ Negative ] 0.97
4 doyefer By Wlesa|bh SHYSLNET SSTUTSSITD. @hHU LULES 60 LML &) HeTnns B(Hhee. FaenL sr_d m 0.97
5 BB B uLD @51 &l By Blsab sibUSLTE GbhES! ST S0 PEDWTES Bigss LD G5 HED Ambs [osiive 0.99
Blgliemu )
] D & LD T60T ; b. Gluflw pes | BSMBTWLESET eTesTLISM60 CHemeuww MM BTLH &EBID BUHHSSI.
6 Slenrssans @ 0.94
7 ef@ml ByESSTE UTETUTNEIED60 6TEITM| FamEVITLD. 0.91
& (héE: F @) 5 ) wre seng Fmbs @ussd whniw 2 uNCrmiLoreT 2 F&Blsnes HLD
8 g@buhisaig (G 0.7
o uLpriG g uilenT) suMpE&ens smeuss) Flev TFlusv eumHlssT eTeusumm) LwsiTL(H S H) 6u(hEESTMETTIT 6TE5TLIS 601657 0.89
HTLIgU6ITerg :
10 Heoys ufiss Hlemirs: Bleveney smsmweflEEGD SlenriuLs QsmELUsls = drGnprasb Guemen 0.96

Figure 6: Classified Results

As provided above Domain Adaptive Transfer Learning-based Classifier was applied to
perform sentiment analysis results of positive, negative or neutral results. Here by
applying the transfer learning process both adversarial training loss and sentiment
classifier loss function results were applied separately for classification processing. This
in turn improved overall classification accuracy results for sentiment analysis.

5. EXPERIMENTAL SETUP AND DISCUSSION

The results of the simulations used to validate the method called Multi-Scale Attention
and Domain Adaptive Transfer Learning (MSA-DATL) for performing intelligent sentiment
analysis for morphological rich Tamil text are described in detail in this section. The
experiment uses the ThamizhiMorph dataset (i.e. source) from
https://github.com/sarves/thamizhi-morph and MADTRAS dataset (i.e. target) from
https://data.mendeley.com/datasets/p59cfx4vx6/2. The proposed MSA-DATL method
has been implemented in Python language. The simulation results for the proposed MSA-
DATLmethod and existing methods, CMSA-mBERT [1] and adapter-based mDeBERT [2]
are detailed below in terms of different performance parameters, execution time,
precision, recall, accuracy and false positive rate. To ensure fair comparison between
proposed MSA-DATLand existing methods, [1] and [2] similar samples is applied for an
average of 10 different simulation runs.

5.1 Performance analysis of Execution time

Evaluation of execution time when conducting sentiment analysis on morphological rich
Tamil text is important because increasing computational complexity straightforwardly
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influences the overall performance. Due to the agglutinative nature of morphological rich
Tamil text intensive pre-processing is extensively required for sentiment analysis.

This is due to the inclusion of multiple suffices being included in the root word. While
performing this pre-processing a significant amount of time is said to be consumed and
this is referred as execution time. The execution time is measured as given below.

ET = YN . S; * Time(SA) (17)

From the above equation (17) the execution time ‘ET’ is measured based on the samples
considered for simulation ‘S;" and the actual time consumed in performing sentiment
analysis ‘Time(SA)’. This is measured in terms of seconds (sec).

Table 1 lists the results of execution time using the proposed MSA-DATL and two existing
methods CMSA-mBERT [1] and adapter-based mDeBERT [2] respectively.

Table 1: Results of Execution Time

Sambles Execution time (sec)
P MSA-DATL CMSA-mBERT [1] adapter-based mDeBERT [2]
130 1.95 2.21 2.34
260 2.25 2.75 2.9
390 2.55 3.05 3.2
520 2.85 3.25 3.4
650 3.15 3.55 3.7
780 3.35 3.75 3.9
910 3.65 4.05 4.2
1040 3.95 4.35 4.5
1170 4.15 4,55 4.7
1300 4.35 4.75 4.9
Performance of Execution Time
57 mm Msa-DATL ‘
- I CMSA-mBERT j
[*)
34- mm mDeBERT I -
0
p AdNBHNNEHN
c
92 N
3
[*)
% 1
18]

130 260 390 520 650 780 910 1040 1170 1300
Samples

Figure 7: Samples versus Execution Time
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Figure 7 illustrates the graphical representation of execution time using the proposed
MSA-DATL and two existing methods, CMSA-mBERT [1] and adapter-based mDeBERT
[2]. To perform fair comparison between proposed MSA-DATL and two existing methods
[1], [2], similar set of 1300 reviews are provided as input and accordingly the execution
time is measured. The blue color bar denotes the execution time results of MSA-DATL
method whereas the orange and green color bar represents the results of existing
methods [1] and [2] respectively. From the above figure it is inferred that an increase in
the sample size causes a subsequent increase in the execution time also. Simulation
performed with 130 samples observed 1.95 sec of execution time when applied with
proposed MSA-DATL method whereas 2.21 sec and 2.34 sec using [1] and [2]. From this
result the execution time consumed in analyzing sentiments using proposed MSA-DATL
method was observed to be better upon comparison to [1] and [2]. Conventional natural
language processing for agglutinative languages like Tamil necessitates considerable
morphological analysis to handle inflectional variations. By applying the Multilingual Text-
To-Text-Transfer-Transformer-based Pre-processing model frequently bypasses this
procedure due to the reason that the tokenizer encapsulates subword-level information,
notably reducing pre-processing and the overall execution time involved in sentiment
analysis using MSA-DATL method by 13% compared to [1] and 18% compared to [2]
respectively.

5.2 Performance Analysis of Precision, Recall and Accuracy

Precision concentrates on the accuracy of positive predictions (i.e. positive sentiment
classified as positive) and minimizing false positives (i.e. falsely making a negative
sentiment as positive sentiment). Recall on the other hand evaluates the methods
potentiality to identify all actual positive samples (i.e. positive sentiment) crucial for
minimizing false negatives. Finally accuracy evaluates the overall ratio of correct
prediction (i.e. positive reviews as positive, negative reviews as negative and neutral
reviews as neutral) out of the total sample reviews involved. Precision, recall and
accuracy is evaluated as given below.

TP

Pre = (18)
TP+FP

Rec = —2 (29)
TP+FN

Acc = _ TPHTN (20)
TP+FP+TN+FN

From the above equations (18), (19) and (20), precision ‘Pre’, recall ‘Rec’ and accuracy
‘Acc’ results are arrived at based on the true positive rate ‘TP’ (i.e. positive reviews
classified as positive), false positive rate ‘FP’ (i.e. positive reviews classified as negative),
true negative rate ‘TN’ (i.e. negative reviews classified as negative) and false negative
rate ‘FN’ (i.e. negative reviews classified as positive) respectively. Table 2 lists the results
of precision, recall and accuracy using the proposed MSA-DATL and two existing
methods CMSA-mBERT [1] and adapter-based mDeBERT [2] respectively.
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Table 2: Results of Precision, Recall and Accuracy

Precision Recall Accuracy
adapter- adapter- adapter-
Samples | MSA- gg‘g’;.'r based MSA- ﬁ“a"és% based MSA- ghané::r based
DATL 1] mDeBERT | DATL 111 mDeBERT | DATL [1] mDeBERT
2] 21 21
130 0.9 0.85 0.8 0.94 0.91 0.86 0.88 0.82 0.75
260 0.88 0.78 0.73 0.93 0.81 0.77 0.87 0.77 0.72
390 0.85 0.75 0.7 0.9 0.78 0.74 0.85 0.75 0.7
520 0.82 0.72 0.67 0.87 0.75 0.71 0.83 0.73 0.68
650 08 07 0.65 0.85 073 0.69 0.81 071 0.66
780 0.78 0.68 0.63 0.83 0.71 0.67 0.79 0.69 0.64
910 0.75 0.65 06 0.86 0.74 0.7 0.81 0.71 0.66
1040 0.79 0.69 0.64 0.89 0.77 0.73 0.83 0.73 0.68
1170 0.82 0.72 0.67 0.93 0.85 0.81 0.85 0.75 0.7
1300 0.85 0.75 0.7 0.95 0.88 0.84 0.87 0.77 0.72
. Performance of Precision ,Recall & Accuracy
g I Precision - MSA-DATL I Recall - MSA-DATL I Accuracy - MSA-DATL
- - Precision - CMSA-mBERT ~ W Recall - CMSA-mBERT W Accuracy - CMSA-mBERT
3 0.8- L I mm Precision - mDeBERT B Recall - mDeBERT Accuracy - mDeBERT
v
> l
f 0.6
[0}
0
ez 0.4
=
0
‘» 0.2
[
0
|-
A 0.0-
130 260 390 520 650 780 910 1040 1170 1300
Samples

Figure 8: Samples versus Precision, Recall and Accuracy

Figure 8 illustrates the graphical representations of precision, recall and accuracy using
the proposed MSA-DATL and two existing methods CMSA-mBERT [1] and adapter-
based mDeBERT [2]. An overall ten simulation runs were performed to analyze the
performance metrics precision, recall and accuracy with respect to samples ranging
between 130 and 1300. From the above figure for the first seven iterations a dip in the
resultant precision, recall and accuracy values were observed for all the three methods.
However for the rest of three iterations the results were found to be increased when
applied with the three methods, therefore increasing the samples does not affect the three
performance metric results. Also comparative analysis show improvement in terms of
three performance metrics precision, recall and accuracy when applied with proposed
MSA-DATL method. The multi-scale attention mechanism applied as keyword extractor
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permits the system to capture both fine-grained features (i.e. local details) and coarse-
grained features (i.e. global context). By incorporating these fine-grained and coarse-
grained features the proposed method better understands the context.

This in turn identifies the most relevant keywords and therefore ensures precise sentiment
analyzed results using the proposed MSA-DATL method by 12% compared to [1] and
18% compared to [2]. Next by using attention based sliding windows of different sizes
(multi-scale), the multi-scale attention mechanism encapsulates both short and long
keywords in an efficient manner. This in turn ensures that relevant keywords are not
missed, thereby increasing recall of the proposed MSA-DATL method by 12% compared
to [1] and 16% compared to [2].Finally by applying the Domain Adaptive Transfer
Learning-based Classification algorithm initially an adversarial training loss function is
measured via domain classifier that in turn reduce the mismatch between source and
target data, therefore improving overall sentiment analysis classification accuracy.

Moreover by using Multilingual Text-To-Text-Transfer-Transformer pre-trained models as
input are fine-tuned for performing sentiment analysis classification therefore
outperforming conventional machine learning methods of accuracy rate using proposed
MSA-DATL method by 11% compared to [1] and 18% compared to [2].

5.3 Performance Analysis of False Positive Rate

Finally in this section false positive rate involved in sentiment analysis is detailed. It refers
to the probability that a negative case is incorrectly identified as positive or neutral. The
false positive rate is measured as given below.
FP
FP+TN

From the above equation (21) false positive rate ‘FPR’ is measured using the false
positive value ‘FP’ and true negative value ‘TN’ respectively.

FPR =

(21)

Table 3 lists the results of false positive rate using the proposed MSA-DATL and two
existing methods CMSA-mBERT [1] and adapter-based mDeBERT [2] respectively.

Table 3: Results of False Positive Rate

False positive rate

Samples MSA-DATL CMSA-mBERT [1] adapter-based mDeBERT [2]
130 0.28 0.4 0.52
260 0.35 0.47 0.55
390 0.38 0.5 0.56
520 0.41 0.53 0.57
650 0.45 0.57 0.58
780 0.52 0.64 0.65
910 0.45 0.67 0.69
1040 0.4 0.6 0.62
1170 0.35 0.5 0.52
1300 0.31 0.56 0.57
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Performance of False Positive Rate

0-77 mmm MsA-DATL

B CMSA-mBERT
B mDeBERT
0.5 1 ] |

0.6 -

0.4 1

0.3

0.2

False Positive Rate
o

0.1 1

0.0-
130 260 390 520 650 780 910 1040 1170 1300

Samples
Figure 9: Samples versus False Positive Rate

Figure 9illustrates the graphical representation of false positive rate analyzed using three
methods, proposed MSA-DATL, CMSA-mBERT [1] and adapter-based mDeBERT [2] for
samples ranging between 130 and 1300. Here the blue color graph denotes the false
positive results when applied with MSA-DATL method whereas the orange and green
color graph represents the false positive result of [1] and [2] respectively. Mix of increase
and decrease in false positive rate results are obtained using all the three methods.
Simulations performed with respect to ten iterations observed minimal false positive rate
when applied with proposed MSA-DATL method upon comparison to [1] and [2]. The
reason was conventional attention mechanisms frequently introduce noise by
concentrating on irrelevant and distant words. On the other hand by applying multi-scale
local attention mechanisms, using different sliding window sizes suppress this noise (i.e.
irrelevant words) notably reducing the false positives of proposed MSA-DATL method by
41% compared to [1] and 52% compared to [2]

6. CONCLUSION

This paper presented a novel Multi-Scale Attention and Domain Adaptive Transfer
Learning (MSA-DATL) method for performing intelligent sentiment analysis using
morphological rich Tamil text. The proposed MSA-DATL method performs the tasks of
pre-processing, keyword extraction and classification for performing sentiment analysis.
With the collected source and target data, Multilingual Text-To-Text-Transfer-
Transformer-based Pre-processingwas applied to convert into a pertinent arrangement
for upcoming stages and minimize overall execution time. Then, the most prominent
keywords were learnt by applyingMulti-Scale Attention Mechanism-based Keyword
Extraction model. Finally the actual classification process using pre-trained source along
with the pre-processed and relevant keywords was performed by applying Domain
Adaptive Transfer Learning-based Classifier with enhanced precision and accuracy. The
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algorithm is outlined to optimize five performance metrics, improving precision, recall,
accuracy, execution time and false positive rate. The proposed MSA-DATL method is
assessed on different numbers of simulation runs. The performance of the proposed
MSA-DATL method is compared to the popular sentiment analysis methods such as
CMSA-mBERT and adapter-based mDeBERT using different performance metrics.
Experimental results prove that the proposed MSA-DATL method efficiently analyzes and
detects positive, negative and neutral sentiment for morphological rich Tamil text in a
significant manner.
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