
 

International Research Journal on Advanced Engineering Hub (IRJAEH) 

e ISSN: 2584-2137 

Vol. 04 Issue: 07 July 2026 

Page No: 4952-4957 

https://irjaeh.com 

https://doi.org/10.47392/IRJAEH.2026.0650        

 

    

International Research Journal on Advanced Engineering Hub (IRJAEH) 
                         

4952 

 

Multilingual Opinion Mining Using Machine Learning Algorithms 
Chukka Bharath1, Mr. Praveen Kumar B2 
1PG Scholar, Department of DS, AMC Engineering College, Bangalore, Karnataka, India. 
2Assistant Professor, Department of CSE, AMC Engineering College, Bangalore, Karnataka, India. 

Emails: bharathchukka41@gmail.com1, praveenexcel12@gmail.com2 

 

Abstract 

Modern microblogging and social networking ecosystems serve as massive, continuous streams of public 

expression, generating expansive volumes of multilingual data that reflect global consumer sentiments and 

emotional trends. Parsing actionable insights from this cross-lingual text presents a major analytical 

challenge due to structural variations across different languages. To address this, this paper introduces an 

optimized, computationally lightweight multilingual opinion mining framework. The core architecture relies 

on a statistically robust Logistic Regression classifier designed to categorize user-generated text into precise 

Positive, Negative, or Neutral polarities. By harvesting real-time data from Twitter/X, the system implements 

a sequence of pipeline operations, including text sanitization, tokenization, and vocabulary normalization. 

These refined linguistic tokens are transformed into numeric arrays using optimized vectorization models 

before being processed by the predictive algorithm. Empirical testing indicates that this machine learning 

configuration delivers high classification accuracy across mixed-language inputs while maintaining 

remarkably low computational overhead, offering corporations and academic researchers an efficient 

alternative for scalable public feedback tracking. 

Keywords: Computational Linguistics, Sentiment Polarity Classification, Multilingual Text Mining, 

Supervised Learning, Logistic Regression Pipeline, Cross-Lingual Data Analytics, Twitter/X Corpus, Social 

Media Mining 

 

1. Introduction  

The rapid evolution and widespread adoption of 

global microblogging platforms have fundamentally 

transformed how individual’s express viewpoints 

regarding consumer brands, public policies, and 

societal trends. Digital environments such as 

Twitter/X, Facebook, and Instagram experience 

massive daily influxes of unstructured commentary, 

frequently authored in a dynamic blend of regional 

dialects and international languages. Because of the 

sheer velocity and volume of this data generation, 

manual monitoring and manual categorization 

strategies are entirely impractical. To automate the 

evaluation of public sentiment, researchers leverage 

natural language processing (NLP) pipelines, a 

domain frequently designated as sentiment analysis 

or opinion mining. This methodology 

computationally identifies the underlying emotional 

tone embedded within textual strings, segmenting 

expressions into positive, negative, or neutral 

classifications. While conventional models execute 

reliably when restricted to single-language datasets, 

they encounter severe degradation in accuracy when 

processing the code-switched or mixed-language 

inputs typical of modern digital communication. This 

research addresses this operational bottleneck by 

deploying a dedicated machine learning pipeline 

engineered specifically to handle multi-language 

context classification. By anchoring the final 

classification layer on a fast-converging, highly 

interpretable Logistic Regression architecture, the 

framework achieves dependable predictive 

boundaries while operating within a computationally 

lightweight footprint that bypasses the severe 

hardware dependencies common to modern deep neural 

networks. 

1.1.Objectives 

 To design and engineer a robust, scalable 

multilingual text classification pipeline 

utilizing optimized machine learning 

architectures. 

 To harvest and programmatically clean 

live or historical text streams from online 
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communication platforms like Twitter/X 

to isolate high-quality text matrices. 

 To map unstructured, multi-dialect text 

strings into high-dimensional numerical 

feature spaces utilizing mathematical 

vectorization techniques. 

 To train and fine-tune a supervised 

Logistic Regression model capable of 

rapidly establishing clear decision 

thresholds across multi-class emotional 

polarities. 

 To accurately map incoming user 

statements into three distinct, non-

overlapping categories: favorable, 

critical, or indifferent. 

 To systematically assess the 

computational footprint and classification 

performance of the developed pipeline 

using standardized accuracy metrics and 

statistical indicators. 

2. Literature Survey 

 

Table 1 Comparison of Existing Studies 

Literature 

Citation 

Algorithmic 

Methodology 
Architectural Advantages Operational Constraints 

[1] 

Naive Bayes 

Sentiment 

Classification 

Highly straightforward 

architecture; demands very 

little processor runtime 

Shows dropped accuracy 

metrics when dealing with 

intricate, mixed-dialect text. 

[2] 
Support Vector 

Machine (SVM) 

Demonstrates strong 

optimization for parsing 

high-dimensional text groups 

Exhibits steep computational 

bottlenecks when handling 

massive data scales. 

[3] Logistic Regression 

Rapid training convergence; 

excellent interpretive 

transparency for developers. 

Overall classification 

accuracy depends heavily on 

the quality of the feature 

input. 

[4] 
Deep Learning 

(LSTM) 

Exceptionally skilled at 

tracking sequential word 

relationships and long-range 

context. 

Requirements mandate an 

extensive volume of labeled 

training data. 

[5] 
CNN-based Sentiment 

Analysis 

Highly proficient at 

extracting localized spatial 

patterns and key feature 

phrases. 

Introduces noticeable spikes 

in overall algorithmic 

complexity. 

[6] 
Transformer-based 

Models 

Delivers superior semantic 

precision across complex 

sentence layouts. 

Demands high-end 

infrastructure and heavy 

hardware resource 

allocations. 

[7] Hybrid NLP Models 

Enhances cross-lingual 

processing parameters by 

blending different 

methodologies. 

Presents a highly intricate 

code structure that 

complicates regular 

maintenance. 
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[8] 
mBERT-based 

Sentiment Analysis 

Manages cross-lingual 

variations cleanly while 

elevating overall context 

awareness. 

Calls for prolonged training 

phases and substantial 

computer processing power. 

[9] 

XLM-RoBERTa 

Sentiment 

Classification 

Reaches top-tier accuracy 

metrics across highly diverse 

language combinations. 

Features a bulky model size 

that drives up volatile 

memory footprint. 

[10] 
Ensemble Machine 

Learning Model 

Integrates the unique benefits 

of multiple classifiers to 

stabilize prediction trends. 

Increases total pipeline 

complexity, leading to 

extended execution delays 

Table 1 The structural data organized in Table 1 

outlines a concise review of historical frameworks 

utilized for cross-lingual text classification. While 

these individual methodologies offer significant 

algorithmic value, they consistently encounter 

operational bottlenecks when balancing language 

variance [1], contextual semantics, and raw execution 

speeds. This research explicitly targets these 

identified limitations by pairing rigorous text 

preprocessing with an optimized, lightweight 

classifier to reliably map multilingual commentary 

without creating heavy computational bottlenecks 

[2]. 

2.1.Research Gap 

To systematically address these identified 

limitations, this project introduces a scalable, 

streamlined framework that pairs rigorous data-

cleaning operations with an optimized Logistic 

Regression classifier. By focusing heavily on 

lightweight feature engineering rather than deep 

neural layers, the proposed system achieves high 

multi-class precision across diverse multilingual 

inputs without demanding enterprise-level 

processing hardware [3] 

3. Proposed Methodology 

3.1.System Architecture 

The structural design of the proposed multilingual 

sentiment analysis framework is organized across a 

modular, five-stage computational pipeline [4]:  

 Data Ingestion: Programmatically 

harvesting unstructured, cross-lingual text 

streams via public application programming 

interfaces (APIs) from online communication 

platforms.  

 Linguistic Sanitization [5]: Isolating the 

core semantic strings by stripping non-

semantic noise, normalizing character cases, 

and dividing streams into atomic word tokens.  

 Mathematical Vectorization: Mapping raw 

text tokens into high-dimensional numerical 

vector spaces based on statistical term 

distributions across the text [6][7] corpus.  

 Algorithmic Training: Fitting and 

optimizing the predictive classification 

boundaries using a supervised linear machine 

learning framework [8].  

 Sentiment Inference: Outputting the final 

structural designation across a three-tiered 

emotional polarity spectrum. 

3.2.End-to-End Workflow Pipeline: 
The execution flow of the operations starts with the 

acquisition of multiple language communication 

streams through Twitter/X. The raw input data goes 

through a pipeline which is intended to convert the 

unstructured data into structured sentiments [9]. 

3.3.Data Conditioning and Preprocessing 
To minimize computational noise and elevate dataset 

consistency prior to algorithmic execution, the 

incoming text strings undergo multiple automated 

sanitization routines:  

 Case Normalization: All text arrays are 

converted into a uniform lowercase format to 

prevent the model from treating identical 

words as unique entities due to capitalization 

differences.  

 Noise Filtering: Hyperlinks, web URLs, 

formatting tags, and unwanted special 

characters are programmatically stripped 
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from the text streams to isolate core linguistic 

contents.  

 Tokenization: Cleaned sentence structures 

are broken down into discrete, individual 

word arrays (tokens) to serve as the baseline 

units for mathematical evaluation. 

3.4.Statistical Feature Extraction 

Because machine learning classifiers cannot natively 

compute or interpret raw text characters, the isolated 

token arrays must be mapped into numerical feature 

vectors. This framework employs the Term 

Frequency-Inverse Document Frequency (TF-IDF) 

technique to map semantic weights. This algorithm 

tracks the occurrence frequency of specific terms 

within an individual social post relative to their 

broader distribution across the entire macro-dataset. 

This optimization highlights rare, highly descriptive 

localized idioms while reducing the statistical weight 

of generic, high-frequency words. 

3.5.Logistic Regression Classification Layer 
The underlying predictive architecture utilizes a 

supervised Logistic Regression model chosen 

explicitly for its computational efficiency and rapid 

convergence rates. During the training phase, the 

model maps the mathematical boundaries separating 

the high-dimensional TF-IDF feature matrices 

against their labeled ground-truth targets.  Once 

optimized, the classifier evaluates incoming multi-

dialect inputs by calculating the probability that a 

given feature profile falls within a specific category 

boundary. This mathematical mapping enables the 

system to rapidly route processed text into three non-

overlapping terminal classifications: Positive 

Sentiment, Negative Sentiment, or Neutral 

Sentiment. 

3.6.Real-Time Inference and Prediction 

Engine 

The system's execution pipeline culminates in the 

standalone sentiment prediction engine, which 

evaluates fresh, unlabeled textual queries provided by 

end-users. When a raw text entry is submitted, it does 

not bypass the system layers; instead, it is funneled 

directly through the identical preprocessing and token 

conditioning pipelines established during the initial 

model configuration. This ensures that any incoming 

real-time comment undergoes lowercasing, syntax 

noise filtering, and token extraction before 

evaluation. Once sanitized, these isolated tokens are 

mapped onto the pre-trained statistical TF-IDF matrix 

to generate matching numerical feature arrays. This 

structured feature vector is then fed directly into the 

optimized, trained Logistic Regression classifier. By 

applying its calculated mathematical decision 

boundaries to the new input array, the classification 

engine immediately routes the user's expression into 

one of three definitive semantic outputs:  

 Favorable Polarity: Inferred assignment 

mapping positive user feedback and 

supportive sentiments.  

 Critical Polarity: Inferred assignment 

mapping negative feedback or adversarial 

public perceptions.  

 Indifferent Polarity: Inferred assignment 

mapping neutral commentary, functional 

questions, or objective remarks lacking 

explicit emotional bias. 

4. Experimental Results and Performance 

Analysis  

4.1.Implementation Environment and 

Benchmarks 

The computational validation and empirical testing of 

the proposed cross-lingual sentiment classification 

model were performed across a standardized 

development environment. Table 2 details the exact 

software dependencies and application layers 

integrated into the framework, while Table 3 isolates 

the computational hardware parameters used during 

the processing cycle Table 2 System Software 

Configuration Details. Table 2. The specialized 

software environment and developmental 

dependencies integrated to build the cross-lingual 

sentiment framework are systematically cataloged in 

Table 2. This structured overview details the 

foundational programming languages, local 

development workspaces, machine learning 

frameworks, data manipulation libraries, frontend 

interface scripts, and backing database instances 

utilized throughout the system engineering process. 

By maintaining this specific package configuration, 

the pipeline ensures consistent model training speeds 

and reproducible classification decision boundaries 

during real-time deployment. Table 3 Processing 

Hardware Parameter Benchmarks. 
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Table 2 System Software Configuration Details 

System Layer 
Selected Technical 

Specification 

Core Programming 

Language 
Python Version 3.10 

Integrated Workspace 
Visual Studio Code 

Ecosystem 

Primary ML Library 
Scikit-Learn 

Framework 

Data & Math 

Packages 

NumPy, Pandas, 

NLTK, Matplotlib 

User Interface UI 
Native HTML, CSS,  

JavaScript 

Database Instance 
SQLite Relational 

Engine 

 

Table 3 Processing Hardware Parameter 

Benchmarks 

 

Hardware 
Architecture 

Operational 

Component Details 

Central Processing 

Unit (CPU) 

AMD Ryzen 5 / Intel 

Core i5 

Volatile System 

Memory 

8 Gigabytes (GB) 

RAM 

High-Speed Storage 
256 Gigabytes (GB) 

SSD 

Core Operating 

Platform 

Windows 10 / 

Windows 11 

Environment 

 

Table 3. The benchmarks and computer architecture 

required for testing of the sentiment analysis pipeline 

are systematically listed in Table 3. The architectural 

specifications define the processing modules, 

volatility memory capacity, solid-state storage 

capacities, and basic operating systems that are used 

for the process of algorithm optimization. It is 

important to identify the hardware requirements in 

order to determine the effectiveness of the process, 

control the processor running time, and emulate the 

environment on normal PCs rather than on GPUs. 

4.2.Empirical Evaluation of Performance 

Within the framework of benchmarking the system, 

the modified classifier relying on logistic regression 

was found to be very reliable from the point of 

performance evaluation in terms of detection of 

emotional predisposition within multidialectal flows. 

The use of powerful conditioning of textual data 

combined with statistical analysis of TF-IDF matrices 

contributed to the decrease of dispersion in the input 

data, which helped to define very precise boundaries 

of the classification. The inference algorithm 

succeeded in identifying positive, negative, and 

neutral attitude in mixed-language texts without 

becoming an extra burden in terms of computation. 

Thus, empirical findings confirm that the proposed 

solution based on machine learning is quite efficient 

and reliable. 

Conclusion and Future Scope 

Conclusion 

The research project has been able to show an 

efficient and scalable system which can be used 

easily to conduct opinion mining from social media 

feeds written in different languages by applying a 

framework. Through the use of text conditioning and 

sanitation alongside TF-IDF vectorization, the 

system is able to transform the unstructured texts in 

multiple languages into deterministic features. 

The inclusion of the Logistic Regression algorithm in 

the system has enabled the system to make fast and 

accurate decisions regarding the threshold decisions 

about the opinions of the users being either positive, 

negative, or neutral without putting a strain on the 

memory requirements. 

Future Scope 

Despite the efficiency of the current architecture for 

processing, some architectural enhancements can be 

made to enhance the capabilities of the system, such 

as: 

 Neural Architecture for Contextual 

Processing: The future architecture can 

consist of neural blocks of deep learning 

together with dense transformers, for 

example, LSTM, mBERT or XLM-

RoBERTa architecture, which will allow 

increasing the level of contextual processing 

of the multi-dialect sentence structure. 

 Streaming Data Pipeline: The improvement 

of the ingestion layer can enable receiving 

live data streams through cloud message 

queues and will help in instant polarity 

tracking. 
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 Human Emotion Detection: The future 

analytics layer can not only provide general 

three-class sentiment analysis but also 

emotion detection, where each emotion is 

detected separately, such as joy, fear, anger, 

and other emotions. 

 Visual Dashboard: Combining the main 

prediction engine with the visual dashboard 

on cloud computing platform will enable 

users to see public opinion trend mapping 

easily. 
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