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Abstract: The overlapping sentiment boundaries, intensifiers, and 

intricate morphological structures in Malayalam present particular 

difficulties for sentiment analysis, making it hard for traditional 

machine learning techniques to produce consistent results. We 

present an explainable sentiment analysis framework in this paper 

that refines a Multilingual Bidirectional Encoder Representations 

from Transformers (mBERT) model on a novel constituency-level 

dataset that has been manually curated and annotated into five-class 

(very positive, positive, neutral, negative, and very negative) and 

three-class (positive, neutral, and negative) categories. In contrast to 

previous research that focuses solely on accuracy, our method 

incorporates Local Interpretable Model-Agnostic Explanations 

(LIME) to identify linguistic cues that significantly impact 

sentiment prediction in Malayalam, including intensifiers, 

negations, and context-dependent modifiers. Despite the inherent 

linguistic complexity, the suggested model demonstrated 

consistency, achieving 61.78% precision for three-class 

classification and 61.47% for five-class classification. More 

significantly, the LIME-based interpretability analysis provides a 

clear and linguistically grounded standard for low-resource 

sentiment analysis by highlighting the impact of Malayalam-

specific features on classification results. In addition to presenting 

one of the earliest explainable BERT-based sentiment models for 

Malayalam, this work lays the groundwork for further studies on 

interpretable deep learning in underrepresented languages. As far as 

we know, the current work is the first to create an explainable, 

transformer-based sentiment analysis framework for Malayalam 

that incorporates BERT with LIME and is underpinned by a 

constituency-level curated dataset. This contribution sets a new 

standard for NLP in low-resource languages in terms of performance 

and explainability. 
 
Keywords: Sentiment Analysis, Malayalam, BERT, Explainable 

AI, LIME, NLP 
 

Introduction 

Sentiment analysis is a branch of Natural Language 

Processing (NLP) that looks for specific sentiments in 

texts, such as positive, negative, or neutral. Many 

applications, such as market research, social media 

monitoring, and customer feedback analysis, depend on 

this activity. Despite notable breakthroughs in sentiment 

analysis for widely spoken languages like English, 

research on low-resource languages like Malayalam is 

scarce. To ensure inclusive technological advancements 

and accommodate diverse linguistic groups, sentiment 

analysis for various languages must be addressed. 

In the past few decades, NLP has seen a considerable 

evolution, moving from rule based approaches to machine 

learning and, more recently, deep learning techniques. The 
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introduction of transformer models, which have raised the 

bar for several NLP tasks (Devlin et al., 2019), including 

sentiment analysis, is one of the most significant advances 

in the field. The Bidirectional Encoder Representations 

from Transformers (BERT) is one of these transformer 

models that has gained popularity because of its strong 

performance and adaptability. 

BERT is a deep learning model that looks at both the 

left and right sides of words to comprehend their context 

in a sentence in both directions (Anitha et al., 2023). Due 

to its bidirectional approach, BERT is particularly useful 

for applications such as sentiment analysis, as it can 

capture complex relationships and dependencies within 

text. BERT (Cañete et al., 2020) is suitable for low-

resource languages like Malayalam, as it has been pre-

trained on a substantial corpus of text and can be finetuned 

for specific tasks with relatively minimal additional 

training data. 

The decision-making process of BERT is sometimes 

opaque despite its well-established, formidable capabilities 

due to its complicated design. Comprehending the rationale 

behind a model’s predictions is crucial, particularly in 

scenarios where trust and accountability are significant. 

Local Interpretable Model-agnostic Explanations (LIME) 

(Chandrakala and Sindhu, 2012) are useful in this situation. 

LIME is a method that uses a locally approximable 

interpretable model to explain the predictions of any 

classifier. LIME improves transparency and trust by 

providing an explanation for each prediction, assisting in 

the discovery of the underlying characteristics that 

influence the model’s judgments. 

In this work, we introduce a new method of sentiment 

analysis for the Malayalam language, which combines the 

BERT model with LIME. Our method makes use of 

BERT’s strong multilingual sentiment classification skills 

as well as LIME’s interpretability to offer insights into the 

model’s predictions (Ribeiro et al., 2016). This work’s 

main contributions are: 
 
 Creation of a sentiment analysis model using BERT 

for the Malayalam language 

 Interpretability of the model is improved by LIME 

 A comprehensive evaluation of the model’s 

performance using a sentiment dataset selected from 

Malayalam 
 

Our test results show that the suggested method works 

well; we were able to obtain an impressive accuracy of 

57% on the test dataset. Furthermore, the LIME 

explanations provide insightful information about the 

behaviour of the model, emphasising the significance of 

interpretability in contemporary NLP applications. 

Research Gap 

Recent deep learning studies focus mostly on 

accuracy, neglecting interpretability. Most existing 

research on Malayalam sentiment analysis depends on 

lexicon-based or superficial machine learning methods. 

Additionally, most datasets lack constituency-level 

annotation or representation of language variety due to 

their origins in noisy social media content. To our 

knowledge, no prior research has incorporated 

explainability for Malayalam into transformer-based 

models. This study addresses the gap by providing a 

manually curated constituency-level dataset and 

proposing an explainable BERTLIME methodology 

tailored to the morphological richness and sentiment 

complexity of the language. Other studies relied on 

lexicon-based approaches or unexplainable transformer 

models. In contrast, we combine the best performing deep 

transformers with linguistically motivated rationales. 

Such engineering innovations make our system the first 

explainable transformer-based sentiment analyzer for 

Malayalam. 

Related Work 

Opinion mining, also known as sentiment analysis, has 

been thoroughly investigated across a wide range of 

languages and fields (Vaswani et al., 2017). In earlier 

studies, the sentiment was assessed using lexicon-based 

techniques, which employed predetermined dictionaries 

of positive and negative words defined in Pang et al. 

(2002). Later, in Manning et al. (2008), machine learning 

methods for sentiment classification tasks gained 

popularity, including support vector machines and naive 

Bayes classifiers. Due to their capacity to identify intricate 

patterns in text, deep learning models, in particular, 

Convolutional Neural Networks (CNNs) and recurrent 

neural networks (RNNs), have demonstrated notable 

advancements in sentiment analysis performance in more 

recent times explained in Kim (2014). Sentiment analysis 

studies in low-resource languages such as Malayalam is 

somewhat rare (Conneau et al., 2020). Early approaches 

combined handmade features with rule-based and 

machine-learning techniques. Ranjan et al. (2016) studied 

applications of deep learning models, such as CNNs and 

RNNs, to increase accuracy. The absence of substantial 

annotated datasets is still a major obstacle, though. 

Sentiment analysis for Malayalam is being improved by 

the use of transfer learning algorithms and the curation of 

extensive datasets, says Vasudevan et al. (2020). 

In Xu et al. (2018), extensive research has been 

conducted on sentiment analysis in languages other than 

English. Character-level embeddings and attention 

mechanisms, for instance, have led to notable advances in 

Chinese sentiment analysis. According to Al Sallab et al. 

(2015), morphological richness in Arabic presents 

particular difficulties that can be solved with the use of 

deep learning models and specialized preprocessing 

methods. Cross-lingual transfer learning, which uses 

models pre-trained on English corpora, has helped studies 
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in Spanish and Portuguese (Radford et al., 2018). These 

initiatives demonstrate the variety of issues and 

approaches in sentiment analysis across linguistic 

domains. Mikolov et al. (2013) defined NLP as covering 

a broad range of problems, such as machine translation, 

text categorization, and language modeling. Deep 

learning has completely changed the area; previous 

methods mostly relied on feature engineering and 

statistical models. The creation of word embeddings that 

capture the semantic links between words, such as 

Word2Vec and GloVe (Pennington et al., 2014), is one 

notable milestone. In Vaswani et al. (2017), NLP was 

further developed with the addition of attention 

mechanisms and transformer models, which made it 

possible to build models that are particularly good at 

comprehending dependencies and context in text. 

By bringing a bidirectional approach to language 

modeling, BERT (Bidirectional Encoder 

Representations from Transformers) marks a major 

advancement in NLP, (Devlin et al., 2019). BERT takes 

into account the context from both directions, in 

contrast to earlier models that processed text in a 

unidirectional manner, enabling a more thorough 

comprehension of the meaning of words in a phrase. 

BERT can be optimized for certain tasks and achieves 

state-of-the-art performance in several benchmarks 

because it has been pre-trained on large corpora. Yang 

et al. (2019) defined other transformer-based models, 

such as XL Net and RoBERTa (Liu et al., 2019), which 

have been developed due to their success. (Ribeiro et 

al., 2016) The problem of interpretability in complex 

machine learning models is addressed by Local 

Interpretable Model-agnostic Explanations (LIME). 

LIME produces locally faithful explanations by 

approximating the original model with an interpretable 

one centered around the relevant prediction. This 

method is beneficial in understanding how “black-box” 

models, such as deep neural networks, behave, as it 

reveals which features are most important for a specific 

prediction. LIME has been widely used in various 

applications and provides valuable insights into how 

decision-making processes are modeled. 

Research for low-resource languages continues to 

highlight the problems of the lack of data as well as data-

efficient modeling frameworks. For instance, Gokani and 

Mamidi (2023) developed the GSAC, comprising Twitter 

data, manually collected and annotated, and developed 

initial benchmark models like SVM, logistic regression, 

and ensemble methods to aid subsequent work. Also, 

Aliyu et al. (2024) reviewed work on low-resource 

sentiment analysis from 2018 to 2023 and noted the 

dominance of transfer learning and BERT/XLM-R-based 

approaches, as well as the stagnation of older methods 

(lexicon, classifier machine learning) due to their low 

applicability. Both works add to the evidence showing the 

lack of large-scale annotated resources for Indian 

languages and the consequent inability to build sentiment 

analysis tools. 

There are also transformer-based solutions that have 

demonstrated strong potential in closing cross-lingual 

gaps. Kumar and Albuquerque (2021) showed that XLM-

R predicts English sentiment and, with zero shot transfer 

learning, projects it onto Hindi datasets with greater than 

60% accuracy, exceeding the performance of numerous 

baseline models. Outside of Indian languages, 

Raychawdhary et al. (2025) extended sentiment analysis 

in 12 multilingual low-resource African languages using 

XLM-R, AfroXLMR, AfriBERTa, mDeBERTaV3, and 

other fine-tuned multilingual transformer models, 

achieving the best results in AfriSenti SemEval 2023 

shared task AfriXLMR 75.8% weighted F1 score with the 

rest of the competition built from fundamental techniques 

like CNN, Naïve Bayes and SVM. All these works 

demonstrate the value of multilingual transformer-based 

models, dataset synthesis, and their combination as 

critical driving forces in performing sentiment analysis in 

low-resource languages. 

Methods 

Dataset 

Public opinion on some selected political and social 

issues relevant to the people of Kerala was sought through 

two polls. The study employs both qualitative and 

quantitative approaches since the aim of the study is to 

capture the data from all people in as representative a manner 

as possible. Therefore, both direct face-to-face and indirect 

digital voice responses were necessary in conjunction with 

the self-administered surveys. Alongside these methods, 

several targeted open-ended questions were crafted before 

the survey to facilitate recognition of the different sentiments 

expressed in both Malayalam and English. Below is a 

detailed account of the survey question and data collection 

procedure. The results from these opinion polls are set to 

conduct sentiment analysis as well, and the data set is rich 

(Anitha et al., 2024). 

Figure 1 illustrates how the sentiment analysis of the 

multi-class classification approach operates on a dataset 

constructed from a questionnaire. For starters, the dataset 

is categorized into three key sentiment labels: Positive, 

negative, and neutral. The left half of the figure showcases 

some examples of sentences written in Malayalam and 

their corresponding labels, along with the assigned values. 

So, for example, the “negative” label is assigned to 

sentences that express dissatisfaction or unfavorable 

attitude, while opinions that are complimentary or express 

any satisfaction are written as “positive”. Neutral 

sentiments do not invoke either strong positive or 

emphatic negative emotions. 
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Fig. 1: Sample dataset for class 3 and class 5 Labelled 

 

Further extending this part of the work, now the 

dataset is also more detailed and divided into five classes 

according to the sentiments expressed, such as very 

positive, positive, neutral, negative, and very negative. 

This is what is depicted in the right half of the figure. 

Initial examples of extreme positivity are captured in the 

form of very positive statements, while extreme negativity 

is represented by very negative ones. This additional 

refinement makes it easier to comprehend the contents of 

the text. For example, whether an opinion is used to 

describe something in a strongly favorable or enthusiastic 

focus will affect how positively or negatively it is used. 

This highly focused method of annotation will yield a 

better sentiment analysis of the dataset, more so for cases 

with subtle differences in sentiments. And indeed, shifting 

from three classes to five classes demonstrates an 

expansion of sentiment representation that will benefit the 

machine learning models’ development and linguistic 

research in Malayalam. This ensures the dataset will 

satisfy both the basic and advanced requirements for 

sentiment analysis. 

To develop thoughtful editorial materials for this 

study, two public opinion surveys on relevant social and 

political topics were carried out at the constituency level 

throughout the entire state of Kerala. The sample 

collection employed both in-person interviews and online 

survey instruments, and aimed at obtaining responses 

from all age groups, all geographic areas, and various 

strata of the social hierarchy. The surveys were designed 

to get responses to attitudinal, perceptual, and emotive 

questions that were posed in English and Malayalam. 

Lower case text, case folding, selective stop-word 

removal phrases for the contextually relevant, and the 

normalization processes of punctuation, non-Malayalam 

markings, websites, and other forms of extraneous space 

were used to preprocess the data. These automated 

processes preserved important linguistic elements. 

The social survey responses captured from various 

social media sites were used to create a five-class 

sentiment analysis dataset comprising 22,756 Malayalam 

text samples. Each text sample were classified into five 

distinct sentiment categories to fine tune the Malayalan 

sentiment analysis, going beyond the traditional three tier 

sentiment scale. Each text sample was verified and 

manually classified into one of five categories: Very 

positive, positive, neutral, negative, or very negative. The 

dataset was divided to facilitate trustworthy assessment 

and versatile application. 

The dataset was divided into three categories: 15,930 

instances (70%) for training, 3,413 cases (15%) for 

validation, and 3,413 instances (15%) for testing. This 

separation maintained class balance in subsets, which 

minimizes overfitting while maximizing generalization. 

The last dataset not only provides the quantity of data 

necessary for deep learning-based sentiment 

classification, but also exhibits ample political discourse 

along with the linguistic diversity of Malayalam. The 

dataset used in this study comprises a total of 22,756 

Malayalam text samples collected through constituency-

level public opinion surveys and selected social media 

sources. Data were gathered using both faceto-face 

interviews and online survey instruments, including 

manually transcribed voice responses to ensure linguistic 

accuracy. Each sample was carefully verified and 

manually annotated into five sentiment categories: Very 

Positive, Positive, Neutral, Negative, and Very Negative. 

The class distribution includes 7,876 Negative, 7,818 

Positive, 2,354 Neutral, 2,363 Very Negative, and 2,345 

Very Positive instances, ensuring sufficient representation 

across all sentiment intensities. To maintain data integrity, 

a stratified split of 70% for training, 15% for validation, 

and 15% for testing was applied. This structured dataset 

enables effective learning of both coarse and fine-grained 

sentiment variations, supporting robust model evaluation 

for low-resource Malayalam sentiment analysis. 

Data Preprocessing and Tokenization 

All raw Malayalam text was prepared uniformly as to 

be ready for the model training while preserving linguistic 

accuracy. The following was achieved. 
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Normalization of the Malayalam script: Unicode 

normalization to eliminate differences in Malayalam 

characters and inconsistencies from various input 

channels (social media channels, surveys transcripts) 

from different Malayalam character encodings: 
 

 Case Folding: Given that the Malayalam script does 

not have an upper and lower case distinction, the 

representation was uniformly done for the sake of 

consistency 

 Stop-word Removal: A selective stop word list was 

made in an attempt to eliminate high frequency 

functional particles that do not have any sentiment 

polarity and sentiment polarity sensitive marker that 

should not be removed as it is context sensitive such 

as intensifier and negation 

 Nuisance Removal: All punctuation marks, URLs, 

emojis, symbols other than Malayalam, and 

unnecessary spaces were eliminated. Code mix 

(Malayalam-English) text were normalized while 

sentiment bearing words and transliterated words 

were retained 

 Tokenization: Separate pieces of text were grouped 

and converted to tokens by the HuggingFace 

Multilingual BERT WordPiece tokenizer, which is 

especially designed for more morphologically rich 

and low resource languages. Additionally, 

preliminary experiments had demonstrated that this 

particular tokenizer captures essential subword units 

(prefixes, suffixes, and inflections) to the Malayalam 

Language 
 

This particular preprocessing pipeline made sure that 

sentiment bearing linguistic cues such as the markers of 

negation (“ഇല്ല”), context intensifiers (“വളെര”), and 

context modifiers were preserved to permit classified as 

the sentiment cues. 

Model Architecture 

Figure 2 shows a detailed architecture of the sentiment 

analysis process in the Malayalam language from the 

collection, preprocessing, and the sophisticated 

techniques like BERT and LIME algorithms. Below you 

will find an overview of how everything works 

concerning Class 3 (positive, negative, neutral) 

sentiments classification and Class 5 (very positive, 

positive, neutral, negative, very negative). The process 

begins with the data collection, in this case, through 

surveys, which are referred to as data collection. 

Respondents are permitted to provide raw text data, which 

will be utilized later. All collected data from both surveys 

is compiled into a single set of information ready for 

analysis. 

Data cleaning included the cleaning of noise 

resulting from unimportant data, specialized 

characters, or stop words while delivering a quality 

dataset. This preprocessing step is essential for 

precisely classifying the sentiment in their context, as 

it allows the model to discover valuable linguistic 

patterns. Once the data has been preprocessed it is now 

ready for transformation into an input type that is 

appropriate for the sentiment analysis model. The stage 

of the procedure referred to as” Input Embedding” 

corresponds to the transformation of each word or 

token into a dense vector representation within the 

higher-dimensional space. Those embeddings are 

adjusted and properly trained in detail and here so that 

they will convey the meaning and semantics of the 

Malayalam language written down. 

 

 
 

Fig. 2: Sample dataset for class 3 and class 5 Labelled 
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Positional Encoding is used at this point to help 

remember the order of the words that is needed for 

understanding the context of sentiment sentences. This 

prepares the data to be processed by the BERT-based 

software architecture at a later time. The heart of the 

framework is BERT, which stands for Bidirectional Encoder 

Representations from Transformers, deeply deep-embedding 

model that does the sentiment classification. The input 

embeddings are fed to several ’Multi Head Attention’ layers, 

through which the model can observe and pay attention to 

different parts of the sequence at the same time. After this 

step, ‘Add & Norm’ layers are applied in order to ensure, that 

the ‘Feed Forward’ transformation network. These 

components are acquired several times in order to obtain a 

deep contextual understanding. Finally, the output goes to a 

‘Classification Layer’, which will classify the output to the 

appropriate class as, a label with a specific sentiment. For 

Class 3 sentiment outputs, it would be either positive or 

negative or neutral, while for Class 5 it has additional 

categories of positive and very negative. 

Training Procedure 

Fine-Tuned BERT Model 

In order to adjust the BERT model for sentiment 

classification, users are required to first convert the 

emotion labels into integers. After that, accounts can be 

created for specific users and the dataset can be 

partitioned into two groups, a training set, and a validation 

set, while setting aside twenty percent for validation. Each 

sentence in the dataset is processed by being split into 

tokens, and then either padded or trimmed to fit an optimal 

length. The output for a BERT model mentored with three 

sentiment classes is logits for each of the classes which 

corresponds to the three class types. The sparse categorical 

cross-entropy loss function is applied such that: During 

training, weights (θ) are adjusted iteratively through the use 

of gradient descent. Evaluation metrics such as accuracy, 

precision, recall, and F1 score are calculated in order to 

determine performance. Then, the fine-tuned model, along 

with a tokenized version, is saved for further use. 

Model Training Details 

The framework was developed with the use of the 

Hugging Face Transformers library and used Multilingual 

BERT (mBERT, base-uncased) as it’s the backbone 

model. The dataset of Malayalam was used to fine-tune 

the model using the configuration as follows: 

 

* Model variant: Multilingual BERT (mBERT, 12 

layers, 768 hidden units, 12 attention heads, 110M 

parameters) 

* Input Length: Malayalam sentences were tokenized 

using WordPiece and padded or truncated to a 

maximum of 128 tokens 

* Optimizer: AdamW with weight decay 

* Learning rate: 2e−5 with a linear warmup and decay 

schedule 

* Batch Size: 32 for training and 16 for evaluation 

* Epochs: 3 epochs with early stopping based on 

validation loss 

* Dropout: 0.1 on fully connected layers 

* Loss Function: Cross-entropy loss for 3-class and 5-

class classifications 

* Classification Head: A layer of the fully connected 

softmax 3 output nodes (positive, neutral, negative) 

for 3-class and 5 output nodes (very positive, 

positive, neutral, negative, very negative) for 5-class 

classification 

* Data Split: The training-validation-test split was 70-

15-15, keeping the class distribution stratified 
 

This configuration was chosen based on prior 

recommendations on fine-tuning transformers (Devlin et 

al., 2019) and preliminary experiments designed to avoid 

overfitting. 
 

Algorithm for mBERT Model 
Label Encoding: 
yi = f(xi), where f maps: 

positive → 0, negative 1, neutral→ 2) 

(1) 

Data Splitting: 

,
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(3) 

 
Explainability With LIME 

The LIME (Local Interpretable Model-agnostic 

Explanations) algorithm plays an essential role in 

explaining difficult machine learning algorithms, such as 

those used for determining the sentiment of Malayalam 

texts (Nazeem et al., 2024). LIME, short for Local 

Interpretable Model-Agnostic Explanations, works by 

inferring explanations for model predictions using simple 

models that are locally interpretable around the 

prediction. In the case of BERT-based sentiment 

classification in Malayalam text, LIME helps determine 

the phrases and/or words that matter the most in the 

sentiment classification. Below is an exposition of LIME 

algorithms within the context of sentiment analysis. 

LIME Algorithm 

The following outlines the mathematical steps of the 

LIME (Local Interpretable Model-agnostic Explanations) 

algorithm for sentiment analysis in Malayalam text 

classification: 
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Problem Setup 

Let: 
 

 x: Original Malayalam text input (e.g., a sentence or 

document) 

 f(x): Prediction function of the complex model (e.g., 

BERT) that outputs a sentiment probability 

distribution 

 z: Perturbed versions of x, represented as simplified 

inputs (e.g., binary presence/absence of words) 

 g(z): Simple interpretable model (e.g., linear 

regression) that approximates f(x) locally 
 
Generate Perturbations 

Create perturbed versions of x by randomly removing 

or altering words: 
 
 Represent the text x as a vector x′ of size d, where d 

is the number of words in x 

 x′i = 1 if the i-th word is present in the perturbed 

version, and x′i = 0 if the word is removed 
 

For example, if x = "വളെര നല്ല ഭരണമാണ് 

കാ ള വ ന്നത ്", a perturbed version x′ could be: 
 

' [1,0,1,1,1]x   (6) 
 

This means the second word ("ഭരണമാണ് ") is 

removed. 

Obtain Model Predictions 

For each perturbed version z, compute the prediction 

of the complex model f(z). 

f(z) → Sentiment probabilities for each class: 
 
(e.g., positive, negative, neutral). (7) 

Define Locality 

Measure the similarity between the original input x 

and each perturbed version z using a similarity kernel 

πx(z). A common choice is an exponential kernel: 
 

2

2

( , )
( ) exp( )x

dist x z
z


   (8) 

 
Where: 

 

 dist(x,z): Distance between x and z (e.g., cosine 

similarity or Euclidean distance) 

 σ: Bandwidth parameter controlling the locality 
 
Train the Simple Model 

Fit a simple interpretable model g(z) (e.g., linear 

regression) to approximate f(z) locally: 

2min ( ).( ( ) ( )) ( )g x

z Z

z f z g z g



   (9) 

 
Where: 

 
 Z: Set of perturbed samples 

 Ω(g): Regularization term to ensure g remains 

interpretable (e.g., sparsity constraint to limit the 

number of features) 
 
Extract Feature Importance 

The coefficients wi of the simple model g(z) represent 

the importance of each word i in x for the sentiment 

prediction: 
 

1 2( ) .... d dg z w z w z b     (10) 
 

Where: 
 
 wi: Weight of the i-th word 

 b: Bias term 
 
Output Explanation 
 
 Words with higher wi values (positive or negative) are 

identified as the most influential for the sentiment prediction 

 For example, if w = 0.75, the word "ഭരണമാണ് " 

is a strong indicator of positive sentiment in the 

sentence, "വളെര നല്ല ഭരണമാണ് കാ ള വ 

ന്നത ്" explain in above figure 3 and 4 
 

LIME-Based Prediction Probabilities for Five-Class 

Sentiment Analysis 

VP- Very Positive; P- Positive; Nl- Neutral; Ne- 

Negative; VN- Very Negative. 

Sentence 1: 

വെളര മമാശം. എല്ലാവര ം 

അഴിമതിക്കാരാണ്. അമപാൾ മറ്റ ള്ളവളര  

വിമർശിക്ക ന്നതിന് പരിധിയ ണ്ട്. 
Table 1 details the prediction probabilities based on 

LIME for the same sentence within the context of the five-

class classification and three-class classification frameworks. 

In this case, the model assigns a 95% probability to Very 

Negative and correctly identifies the overwhelming 

negativity in the sentence “വെളര മമാശം. 

എല്ലാവര ം അഴിമതിക്കാരാണ്. അമപാൾ, 

മറ്റ ള്ളവളര വിമർശിക്കാന്‍ ക റിപ് ... ” (“Very 

bad. Everyone is a corrupt. So, there is a note to criticize the 

rest)” in Malayalam. In the other case, in the three class 

arrangement the model ascribes probabilities to Negative 

(93%), Positive (4%), and Neutral (3%) and, again, predicts 

the correct class but in a more coarse manner. The example 

points out that in a three class system, the extreme sentiments 

are bundled, whereas in the five class, the extreme 

sentiments, particularly the extreme negative ones, are still 

present and differentiated. 
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Fig. 3: LIME explanation for positive, Negative, and neutral Sentiment 

 

 
 

Fig. 4: LIME explanation for positive, Negative, neutral, very negative, and very positive Sentiment 
 
Table 1: LIME-based prediction probabilities for five-class sentiment analysis 

Malayalam V P (%) P (%) Nl (%) Ne (%) V N (%) Predicted Class 

Sentence 1 (5 Class) 0 0 1 0 95 Very Negative 

Sentence 1 (3 Class) 0 4 3 93 0 Negative 
 

Results and Discussion 

This research applies a modified multilingual BERT 

model to classify sentiments in Malayalam, a richly 

grammatical but resource-poor language. The model was 

both trained and tested on sentiment analyses in three classes 

(positive, neutral, negative) and five classes (very positive, 

positive, neutral, negative, very negative) to enable a 

benchmark on sentiment classification performance in 

various granularities. A notable innovation in this 

implementation is the application of a dual-mode 

classification system, which highlights the complexity 

introduced by overlapping emotional boundaries where 

dense sentiment spans regions of overlapping feelings. The 

base BERT model achieved 61.78% accuracy in a three-class 

scenario and performed reasonably in the five-class setting 

with 61.47% accuracy and 65.76% F1 score. Interpretability 

at the token level was done with the LIME framework, 

which, in the context of strongly negative sentiments, 

stressed the context-sensitive importance of terms like 

‘theft’. These observations suggest that although lacking 

explicit structural awareness, BERT can provide useful 

sentiment information. The LIME analyses did show that 

neutral words occurring in highly emotional contexts can 

lead to erroneous classifications, particularly in the five class 

predictions. The training and validation curves confirmed the 

model’s convergence with reporting loss, accuracy, recall, 

and F1 score steadily improving. Ultimately, the results show 

that BERT, a model that can serve as a strong baseline for 

sentiment analysis in regional languages, benefits from fine-

tuning and can be interpretable enough for model behavior 

scrutiny in low-resource environments. 
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Classifying Malayalam text is not an easy feat, and as 

shown in the three-class sentiment analysis 3, the model does 

a decent job at Positive, Negative, and Neutral classification. 

Prediction probabilities are indicated on the bar chart, where 

the Negative class seems to have a preponderance of 93% 

confidence, compared to the Predictive 4% and Neutral 3% 

scores. The LIME visualization explains some of the reasons 

behind the predictions made by the model, for instance, the 

word ’theft’ is strongly negatively indicative, which 

increases the overall negative score. 

Figure 5 and 6 illustrate the model’s ability to assign 

values to words that are negatively weighted, albeit being 

strained by neutral words used in the context that result in 

occasional misclassification. For the five-class sentiment 

analysis, the model attempts to reflect the inclusion of 

Very Positive and Very Negative classes. 

 

 
 

Fig. 5: Evaluations of Performance for 3-class sentiment in Malayalam throughout Training Epochs 

 

 
 

Fig. 6: Evaluations of Performance for 5-class sentiment in Malayalam throughout Training Epochs 

 

The figure shows the highest probabilities of 

predictions with a strong base of 95% for the Very 

Negative class, with other classes such as Positive, 

Neutral, and Very Positive having scores are 0%, 1%, and 
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3%, respectively. The LIME analysis also supports these 

words such as “theft” which strongly assist in the 

identification of the Very Negative sentiment. This figure 

depicts how the model is able to make extreme sentiment 

predictions; however, it also shows the danger of adding 

five classes in a single prediction, where soft boundaries 

lead to overlapping probabilities. Figures 5 and 6 illustrate 

how sentiment analysis models are evaluated for a 3-class 

and 5-class classification problem, respectively, and how 

training and validation perform over several epochs. The 

first set of figures illustrates a possible convergence, as 

the loss decreases for the training data and stabilizes for 

the validation data. Similarly, the accuracy graphs show 

that training accuracy is rising but validation accuracy is 

much slower to rise. 

This work makes a big difference by adding 

explainability to Malayalam sentiment analysis, which 

has primarily focused on accuracy without looking at how 

models make conclusions. The use of LIME shows that 

linguistic cues like negation markers and intensifiers (e.g., 

“വളെര” (very), “അതിപ്പധാനമായ” (very 

important) can have a big effect on sentiment 

classification and often change predictions between 

classes that are next to each other. These results 

demonstrate that our approach is among the initial 

explainable sentiment analysis methods for Malayalam, 

since it not only classifies attitudes but also elucidates the 

rationale underlying predictions. This interpretability 

factor is critical for languages with limited resources, 

since trust in NLP systems relies on both transparency and 

correctness. 

Hyperparameter Tuning 

Hyperparameter tuning was performed using grid 

search on the validation set. Multiple configurations of 

batch size, learning rate, dropout, and optimizer were 

evaluated. The optimal model configuration was selected 

based on validation accuracy and F1-score. The final 

tuned parameters are reported in Table 2. 

Past studies have examined mBERT’s effectiveness on 

Malayalam sentiment analysis tasks (Table 3). For the 

Dravidian-MTL benchmark on monolingual sentiment 

analysis, the reported weighted F1-score was roughly 

59%. In contrast, analyses on code-mixed Malayalam–

English datasets have performed better, attaining around 

80% weighted F1-scores (Chakravarthi et al., 2022). It is 

important to note, however, that these results cannot be 

directly compared to the monolingual configurations 

because the datasets have varying characteristics. When 

tested on a monolingual Malayalam sentiment analysis 

dataset, the BERT base model achieved 61.47% accuracy. 

This was an improvement on the typical mBERT baseline 

that had been reported on monolingual sentiment analysis 

for Malayalam, thus indicating the usefulness of the 

approach to improving sentiment analysis in lower-

resourced languages. This improvement highlights how 

little potential there is to advance sentiment analysis in 

lower-resourced languages. 

 

Table 2: Hyperparameter Tuning Configuration for mBERT Model 

Hyperparameter Values Tested Final Selected Value 

Model Variant mBERT, XLM-RoBERTa mBERT (base) 

Number of Layers 12, 24 12 

Hidden Units 768, 1024 768 

Attention Heads 8, 12 12 

Maximum Sequence Length 64, 128, 256 128 

Batch Size 16, 32, 64 32 

Learning Rate 1e-5, 2e-5, 3e-5 2e-5 

Optimizer Adam, AdamW, SGD AdamW 

Dropout Rate 0.1, 0.2, 0.3 0.1 

Epochs 3, 5, 10 3 

Weight Decay 0.01, 0.001 0.01 

Warm-up Steps 0, 500, 1000 500 

Loss Function Cross-entropy, Focal loss Cross-entropy 

Classification Head Softmax, Sigmoid Softmax 

Early Stopping Patience 2, 3, 5 3 

 
Table 3: Performance of BERT on Malayalam Sentiment Analysis 

Model / Setup Dataset Type Reported Score 

mBERT baseline (Dravidian-MTL, 2022) mBERT (Code-

Mixed Malayalam-English, 2021) 

mBERT base (2025, our work) 

Monolingual Malay 

Code-mixed (DravidianCodeMix) 

Monolingual Malay 

∼59.80% F% F11 

∼61.47% Accuracy 
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Table 4: Training and Validation Performance for 3-Class and 5-Class Classification 

Class Type Epoch Train Loss Val Loss Train Acc (%) Val Acc (%) 

3-Class Sentiment 1 1.00 0.91 53.00 58.00 

 2 0.82 0.90 63.00 59.00 

 3 0.71 0.91 70.00 61.78 

5-Class Sentiment 1 1.01 0.92 47.00 55.00 

 2 0.90 0.85 56.00 59.00 

 3 0.82 0.83 62.00 61.47 

 

Table 4 presents the training and validation 

performance of the proposed mBERT model for both 3-

class and 5-class sentiment classification tasks. For the 

3-class setup, the model shows a steady decrease in 

training loss from 1.00 to 0.71 and an improvement in 

validation accuracy from 58.00% to 61.78% across 

epochs, indicating effective learning and convergence. 

Similarly, in the 5-class scenario, the training loss 

reduces from 1.01 to 0.82, while the validation 

accuracy increases from 55.00% to 61.47%, 

demonstrating the model’s ability to handle fine-

grained sentiment categories. The close alignment 

between training and validation performance suggests 

minimal overfitting and good generalization capability. 

Overall, the results confirm that the model performs 

consistently across both classification settings, with 

slightly higher complexity observed in the 5-class task 

due to finer sentiment distinctions. 

Conclusion 

This work addresses the challenges of 

interpretability and resource scarcity by presenting one 

of the earliest explainable transformer-based 

techniques for sentiment analysis in Malayalam. By 

improving BERT on a manually chosen constituency-

level dataset and extending classification from three to 

five sentiment categories, we provide a reliable 

benchmark for analysing subtle sentiment changes in a 

morphologically rich language. Although the model 

achieves moderate accuracy (61.78% for the three-

class classification and 61.47% for the five-class 

classification), the real innovation of the model lies in 

its integration of LIME explanations, which show how 

Malayalam-specific linguistic features such as 

intensifiers, negation markers, and context-sensitive 

modifiers influence sentiment predictions. This 

interpretability factor is particularly crucial for 

building trust in NLP systems for underrepresented 

languages, where black-box models often fail to meet 

expectations. In addition to reporting performance 

data, this paper demonstrates how explainable AI can 

enhance the transparency of deep learning models in 

sentiment analysis, especially when applied to 

languages with overlapping sentiment boundaries. The 

research adds three contributions:  

(i) The building of a constituency-level, manually 

annotated dataset for sentiment analysis in the 

Malayalam language 

(ii) The application of BERT with LIME for achieving 

both performance and explainability 

(iii) The development of the first explainable sentiment 

analysis model of transformers’ architecture for 

Malayalam, which enables transparent and 

linguistically responsible NLP in under resourced 

languages systems 

 

Future options for enhancing classification 

performance include expanding the dataset to encompass 

more domains, incorporating additional interpretability 

techniques such as SHAP, and building hybrid models that 

explicitly model intensifiers and negations. Providing a 

transparent, linguistically informed, and explicable 

benchmark for sentiment analysis in Malayalam, this 

study paves the way for more reliable and trustworthy 

NLP applications in low-resource languages. 
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