
Journal of Information Systems Engineering and Management 
2025, 10(41s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 562 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

A Conceptual Framework for Leveraging Web Data in 

Sentiment Analysis and Opinion Mining 

 

Nadiya Parveen1, Mohd Waris Khan 2,* 
1Research Scholar, Department of Computer Application, Integral University, Lucknow, India 

2 Assistant Professor, Department of Computer Application, Integral University, Lucknow, India 

Email: 1nadiyaparveen@iul.ac.in , 2wariskhan070@gmail.com 
 

ARTICLE INFO ABSTRACT 

Received: 18 Dec 2024 

Revised: 10 Feb 2025 

Accepted: 28 Feb 2025 

This paper introduces a comprehensive conceptual framework designed to enhance sentiment 

analysis and opinion mining by utilizing diverse web data sources. The framework integrates 

advanced computational techniques with innovative data harvesting methodologies to extract, 

process, and analyse sentiment data from various online platforms, including social media, 

forums, and blogs. At its core, the framework employs a hybrid model combining machine 

learning algorithms and natural language processing tools to accurately detect and interpret the 

sentiments and opinions embedded in unstructured web content. We discuss the 

implementation of sentiment-specific data crawlers and the use of sentiment ontologies that help 

in refining the accuracy of sentiment detection. The paper also explores the challenges of 

handling large-scale web data, and the dynamic nature of online content. We demonstrate the 

framework's application through case studies in different industry sectors, showing its 

effectiveness in providing actionable insights. Our results indicate significant improvements in 

sentiment detection accuracy and efficiency, validating the framework's potential as a robust tool 

in the fields of various segment. 
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INTRODUCTION 

Sentiment Analysis (SA) or Opinion Mining (OM) involves the computational examination of people’s views, feelings, 

and attitudes towards specific entities. Generally, opinion mining is utilized to gather insights about both the positive 

and negative perspectives concerning a particular subject.Ultimately, the favourable and highly rated views regarding 

a product are recommended to users. To enhance marketing strategies, major corporations and business 

professionals increasingly rely on opinion mining. There is extensive research on analysing sentiment from user 

opinions, primarily focusing on determining the polarity of user reviews.   

This analysis typically occurs at one of three levels: document, sentence, or attribute level.  Sentiment analysis faces 

multiple challenges. One such challenge is the contextual nature of opinion words, which may be perceived as positive 

in one scenario and negative in another. Another challenge is the variability in how individuals express opinions, 

with differences in expression often seen across different contexts. Users often share their views on products or 

services through blog posts, shopping websites, or review platforms. This feedback is beneficial for both consumers 

and producers, as it provides insights into the public's perception of specific products or services. 

In less formal mediums, such as Twitter or blogs, individuals frequently mix various opinions within a single 

sentence. While this may be straightforward for humans to decipher, it poses a challenge for computers to interpret 

accurately. Additionally, brief texts on these platforms can sometimes be ambiguous or lack sufficient context, 

making it hard for others to understand the expressed opinions. In the digital age, the vast amounts of user-generated 

content on the internet have become a goldmine for understanding public sentiment [1, 12]. As individuals 

increasingly express their opinions and emotions through online platforms such as blogs, review sites, and social 

media, the field of Sentiment Analysis (SA) and Opinion Mining (OM) has gained significant traction. These 

disciplines aim to computationally analyze and interpret the vast spectrum of public emotions towards products, 

services, and topics, which can profoundly influence marketing strategies, product development, and customer 

service. However, leveraging web data for sentiment analysis presents unique challenges. The diverse formats of 
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data, the informal nature of language used, and the contextual ambiguity of sentiments require a robust framework 

that can adapt and evolve with the shifting landscape of online communication [2, 13]. 

Our framework is designed to be scalable, flexible, and capable of handling the nuanced complexities of sentiment 

analysis across various levels of granularity—from broad thematic categories to specific attributes of products or 

services. This introduction aims to set the stage for discussing the technical aspects of the framework, its application 

in real-world scenarios, and the potential it holds for transforming how businesses and researchers understand and 

utilize public sentiment. Through this paper, we explore both the theoretical underpinnings and practical 

implementations of sentiment analysis, paving the way for innovative approaches to deciphering online opinions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Flow of Data Visualization 

Figure 1 illustrates this flow of data visualization, highlighting the sequential steps from raw data to insight. The 

process begins with data collection from diverse sources, followed by rigorous preprocessing—such as cleaning, 

normalization, and formatting—to ensure data reliability. Once prepared, the data is subjected to analytical 

techniques, including statistical analysis and machine learning, to identify meaningful patterns and trends. Finally, 

these insights are rendered into visual formats like charts, graphs, or dashboards, enabling clearer interpretation and 

more effective communication of findings. 

 

NEED FOR A CONCEPTUAL FRAMEWORK 

A conceptual framework for leveraging web data in sentiment analysis and opinion mining is essential as it provides 

a structured approach to systematically collect, process, and analyse vast amounts of unstructured data available 

online. This framework helps in identifying relevant data sources, such as social media, blogs, and forums, ensuring 

the inclusion of diverse and representative opinions. It outlines the methodologies for data preprocessing, including 

noise reduction, language normalization, and feature extraction, which are crucial for accurate sentiment analysis. It 

guides the selection of appropriate sentiment analysis algorithms and models, addressing challenges like context 

understanding and sarcasm detection. By establishing clear protocols and best practices, the framework ensures the 

reliability and validity of the sentiment analysis, facilitating actionable insights for businesses, researchers, and 

policymakers to understand public opinion, improve customer experiences, and make informed decisions. 

REVIEW OF LITERATURE 

There have been several studies categorizing each sentence in a document or text as objective or subjective. After 

that, subjective sentences are examined. We classified subjective statements to examine feelings. Machine learning 

discovers the majority of objective phrases. A researcher has proposed a methodology that uses a log probability rate 

and several root words to rank each subjective phrase. Because of this, a model includes the sentiments of the words 

for each phrase to determine the sentence's overall mood. Machine learning classification requires two sets of 

documents [3, 14]. Here, we're discussing the training collection, which the classifier uses to distinguish text features, 

and the test collection, which evaluates its accuracy! Many methods exist for machine learning (ML). We first 



Journal of Information Systems Engineering and Management 
2025, 10(41s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 564 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

generate writings to categorize them as either favorable or bad. Support vector analysis (SA) and classification using 

SVM, NB, and ME have demonstrated good performance [3, 4 and 15]. We also use the ID3 Classifier, Centromeric 

Classifier, Winnow Classifier, K-Nearest Neighbour, and Association Rules mining techniques. Rajasekaran (2022) 

asserts that text categorization commonly utilizes the Naive Bayes (NB) classification method. This approach 

estimates a group's probability using the cooperative probabilities of specific words and their groupings. Text is the 

input for this technique. A probabilistic model underpins this strategy. We also recommend the Support Vector 

Machine (SVM) as a classifier to identify trends between two groups. SVMs find the best margin separation in the 

hyperplane between two data sets. Translating the data vector to bigger dimensions allows it to solve linearly non-

separable issues. Its design allows for the resolution of separable instances, making this achievable. Many study 

scientists have employed this strategy, believing that the SVM classifier is the most effective method for achieving 

text classification goals. Table 1 provides a detailed overview of recent expert contributions, outlining the 

methodologies employed and identifying the key limitations associated with each approach. 

Table 1. Summary of Recent Contributions, Methodologies, and Limitations 

Author’s Name Year Contribution Methodology Limitations 

Dr. S. 

Rajasekaran [5] 
2022 

Developed hybrid 

sentiment analysis 

models 

Hybrid machine learning 

algorithms 

High computational 

requirements 

Dr. Pushpak 

Bhattacharyya [6] 
2021 

Semantic analysis in 

opinion mining 

Natural Language 

Processing (NLP) 

Limited language resources 

for regional languages 

Dr. Anupam Basu 

[7] 
2020 

Multilingual sentiment 

analysis 
Deep learning and NLP 

Scalability and processing 

speed issues 

Dr. Vishal Goyal 

[8] 
2020 

Sentiment analysis in 

Hindi and Punjabi 

texts 

Rule-based and machine 

learning techniques 

Data scarcity for less 

commonly used languages 

Dr. T.V. Geetha 

[9] 
2019 

Contextual sentiment 

analysis 

Contextual embedding 

models 

Context ambiguity in 

diverse datasets 

Dr. D. 

Chakraborty [10] 
2019 

Aspect-based 

sentiment analysis 

Aspect extraction and 

classification 

Limited to predefined 

aspects 

Dr. Amitava Das 

[11] 
2018 

Emotion detection in 

social media text 

Emotion lexicons and 

classifiers 

Difficulty in detecting 

mixed emotions 

Dr. Sriparna Saha 

[12] 
2018 

Deep learning 

approaches for 

sentiment analysis 

Convolutional Neural 

Networks (CNNs) 

Requires large labeled 

datasets 

Dr. Tanmoy 

Chakraborty [13] 
2017 

Fake news detection 

using sentiment 

analysis 

Graph-based algorithms High false positive rate 

Dr. Sudeshna 

Sarkar [14] 
2017 

Comparative opinion 

mining 

Supervised learning 

techniques 

Needs extensive training 

data 

Dr. M. Narasimha 

Murty [15] 
2016 

Opinion 

summarization 

techniques 

Unsupervised learning 

methods 

Summarization quality 

depends on input data 

Dr. S. L. Happy 

[16] 
2016 

Sentiment analysis 

using ensemble 

methods 

Ensemble machine learning 

techniques 

Complexity in model 

integration 

Dr. R. Sowmya 

[17] 
2015 

Real-time sentiment 

analysis in social 

networks 

Real-time data processing 

frameworks 

Scalability and real-time 

processing issues 

Dr. P. V. S. Rao 

[18] 
2015 

Sarcasm detection in 

sentiment analysis 

Hybrid rule-based and 

machine learning 

High error rate in sarcasm 

detection 
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Dr. S. Vijayarani 

[19] 
2014 

Sentiment analysis in 

product reviews 

Feature extraction and 

sentiment classification 

Domain dependency of 

models 

CONCEPTUAL FRAMEWORK 

In the digital age, the rapid expansion of web data has created an immense repository of information reflecting the 

opinions, sentiments, and emotions of users worldwide [18]. Sentiment analysis and opinion mining have emerged 

as pivotal tools in harnessing this vast data trove, providing valuable insights into public opinion, consumer 

behaviour, and market trends. The conceptual framework of sentiment analysis and opinion mining (figure 2) 

includes major key components: data collection, pre-processing, feature extraction, sentiment classification, and 

result interpretation. These analytical techniques use natural language processing (NLP), machine learning, and 

computational linguistics to extract subjective information from a variety of text sources, including social media 

posts, reviews, blogs, and forums. 

Data Collection 

The first step involves aggregating relevant textual data from diverse web sources. This can include social media 

platforms like Twitter and Facebook, online review sites like Amazon and Yelp, blogs, forums, and news websites 

[15]. The vast amount of data available necessitates efficient and scalable methods for data collection, often using 

web scraping techniques and APIs. 

Pre-processing 

This step transforms raw data into a clean, structured format, eliminating noise and ensuring consistency. Common 

pre-processing tasks include tokenization (breaking text into individual words or phrases), removing stop words 

(common but insignificant words like "and", "the"), stemming and lemmatization (reducing words to their root 

forms), and handling negations and special characters. Pre-processing is crucial for improving the accuracy and 

efficiency of subsequent analysis steps. 

Feature Extraction 

In this phase, significant attributes and patterns within the text are identified. Features can be lexical (related to 

words), syntactic (related to the structure of sentences), or semantic (related to meaning). Techniques such as bag-

of-words, term frequency-inverse document frequency (TF-IDF), and word embeddings (like Word2Vec and GloVe) 

are commonly used. These features serve as the input for machine learning models [17]. 

Sentiment Classification 

This involves categorizing the text based on the extracted features, typically as positive, negative, or neutral. 

Advanced models might further classify text into more nuanced categories like emotions (e.g., happy, sad, angry) or 

aspects (e.g., sentiment about specific features of a product). Machine learning algorithms such as support vector 

machines (SVM), logistic regression, and deep learning models like convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs) are often employed for this task [20]. 

Result interpretation 

The final step provides actionable insights and visualizations that can inform decision-making processes. This might 

include generating sentiment scores, trend analysis over time, heatmaps of sentiment distribution, and detailed 

reports highlighting key themes and opinions. Effective visualization tools, such as word clouds, bar charts, and 

sentiment trend lines, help stakeholders understand the data at a glance [19, 21]. Beyond these core components, the 

framework of sentiment analysis and opinion mining must also address several challenges. These include handling 

the vast diversity and complexity of human language, dealing with sarcasm and irony, managing domain-specific 

vocabulary, and ensuring the privacy and ethical use of data.  

Multilingual sentiment analysis is particularly relevant in a diverse linguistic landscape like India, requiring models 

that can accurately process and analyse text in multiple languages and dialects. The applications of sentiment analysis 

and opinion mining are extensive and impactful. Businesses use these techniques to monitor brand reputation, gauge 

customer satisfaction, and improve product development. Governments and public institutions leverage them to 
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understand public opinion on policies and societal issues. Academics and researchers utilize sentiment analysis to 

study behavioural patterns, track the spread of information, and predict trends.  

The conceptual framework for web data in sentiment analysis and opinion mining integrates advanced computational 

methods with linguistic insights to transform vast amounts of unstructured text into meaningful and actionable 

information. This framework not only aids businesses in understanding customer feedback and enhancing their 

services but also enables researchers to study societal trends and behavioral patterns with unprecedented depth and 

accuracy. The conceptual framework provides the foundation and structure for the entire data analysis project. It 

helps to ensure that all steps are aligned with the overall objectives and provides a systematic approach to the 

analysis. 

 

         Figure 2: Proposed Conceptual Framework  

Step 1: Define Objectives 

Identify Goals: 

• Determine the specific goals of the data analysis project. This involves understanding the problem that needs 

to be solved or the questions that need to be answered. 

• Goals should be clear, measurable, and achievable. Examples could include improving customer satisfaction, 

increasing sales, reducing operational costs, etc. 

Set KPIs (Key Performance Indicators): 

• Determine the KPIs that will be used to gauge the project's success. KPIs must to be closely related to the 

objectives. 

• KPIs are measurable indicators that show the project's key success aspects. Error reduction rate, revenue 

growth rate, and client retention rate are a few examples. 

Step 2: Data Collection 

Collect data from various sources to ensure a comprehensive dataset. 

Collect from Surveys: 

• Design and distribute surveys to gather data directly from individuals. 
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• Surveys should be carefully designed to avoid bias and to ensure that the questions are clear and relevant to 

the objectives. 

Collect from Social Media: 

• Extract data from social media platforms (like Flipkart, Twitter, etc) to gain insights into public opinion, 

trends, and behaviours. 

• Tools and techniques such as web scraping and API integration can be used to collect social media data. 

Collect from Sensors: 

• Use sensors to gather real-time data from the environment or machines. 

• This could include IoT devices, manufacturing sensors, or environmental monitoring tools. 

Step 3: Data Preprocessing 

Prepare the collected data for analysis by cleaning and transforming it. 

Clean Data: 

• Identify and correct errors, handle missing values, and remove outliers. 

• Ensure data is consistent and free of duplicates. 

Normalize Data: 

• Adjust the data to a common scale to allow meaningful comparisons. 

• Techniques like min-max scaling or z-score normalization can be applied. 

Feature Engineering: 

• Develop additional variables or characteristics that improve the model's capacity for prediction. 

This might include generating new variables from the data, integrating preexisting characteristics, or developing 

interaction terms.  

Step 4: Analysis 

Perform various analytical techniques to extract meaningful insights from the data. 

Statistical Analysis: 

• Use statistical methods to summarize data and uncover relationships. 

• Techniques could include hypothesis testing, regression analysis, correlation analysis, etc. 

Visualization: 

• Create visual representations of the data to make patterns and insights more understandable. 

• Common visualization tools include charts, graphs, and dashboards. 

Step 5: Interpretation 

Interpret the results of the analysis to draw meaningful conclusions. 

Compare with Objectives: 

• Assess how well the analysis results align with the predefined objectives and KPIs. 

• Determine if the goals have been met and to what extent. 

Draw Conclusions: 

• Summarize the key findings and insights from the analysis. 

• Identify actionable recommendations based on the results. 

Step 6: Reporting 

Communicate the findings to stakeholders in an effective manner. 

Create Reports: 

• Compile the analysis, interpretations, and conclusions into comprehensive reports. 

• Reports should be clear, concise, and well-organized, with supporting visualizations and data. 

Present Findings: 

• Share the results and insights with stakeholders through presentations, meetings, or other communication 

methods. 

• Ensure that the presentation is tailored to the audience, highlighting the most relevant findings and 

recommendations. 

CHALLENGES IN IMPLEMENTING A CONCEPTUAL FRAMEWORK 
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Implementing a conceptual framework for leveraging web data in sentiment analysis and opinion mining faces 

numerous challenges, including ensuring data quality and filtering out noise, which is essential given the often 

unstructured and inconsistent nature of web data. The variability of language and context across different regions 

and cultures adds complexity, requiring sophisticated NLP techniques to accurately interpret sentiments, especially 

when dealing with slang, idioms, and evolving language. Scalability is another critical challenge, as the framework 

must efficiently handle vast volumes of data in real-time [21, 22]. Detecting sentiment ambiguity and sarcasm 

further complicates analysis, necessitating advanced models that can understand nuanced expressions. Integrating 

multimodal data such as text, images, and videos requires robust techniques to extract and combine relevant 

information. Adhering to data privacy and ethical guidelines is paramount, ensuring user consent and responsible 

data usage. Addressing potential biases and ensuring representative data collection are essential to obtain accurate, 

reliable, and unbiased sentiment insights. 

 

CLASSIFICATION LEVEL FOR FRAMEWORK 

Generally, sentiment analysis (SA) is divided into three stages. The SA's initial level is document-based.  The second 

level is sentence-based, while word or phrase-based on the based on third level.   

Document Level 

Document level is the foundation of the first level of SA. At this stage, the paper is examined in its entirety. Therefore, 

the classification is dependent on the overall emotion of the whole content. It is often thought that a single person or 

source has the viewpoint in this situation. Sentiment regression is another problem with SA at the document level. 

Certain individuals used supervised learning techniques to forecast a document's rating scores about its degree of 

positivity or negativity [22]. A technique exists for extracting a text document's polarity using a linear combination 

approach. One significant problem with concentrating only on the document level is that not all of the phrases in the 

document that represent views are subjective at this level. It is more accurate to examine each phrase separately in 

order to get more exact findings following SA. This allows for the removal of just the objective statements and the 

extraction of the subjective sentences for sentiment analysis. As a result, research in SA has shifted its main attention 

to sentence-level SA.  

Sentence Level 

Many studies have been conducted to determine if a sentence in a text or document is subjective or objective. After 

this, the subjective sentences are analyzed. Only subjective statements were attempted to be categorized for sentiment 

analysis [22, 23]. Identifying subjective sentences is a common use of machine learning. Meanwhile, using a log 

probability rate and several root words, a researcher has created a model that assigns a score to each subjective 

assertion. After that, a model is created that integrates the sentiments of the words in each phrase to ascertain the 

sentence's overall emotion. There is one disadvantage to sentiment analysis at the sentence level, however. It is 

plausible that several objective sentences that really convey emotions were omitted from the edit. Check out this 

example: “The sides of the mug I bought last week have cracks in them”. As an example of an objective phrase, the 

aforementioned statement provides facts. Examining the sentence in detail reveals that the message was delivered in 

an indirect manner. In this comment, the opinion bearer has expressed displeasure of the cracks on the side of the 

cup. Sentiment analysis at the word or phrase level must be considered to address this problem. The next section 

provides further information on word-level sentiment analysis.  

Word/Phrase Level 

It is essential to consider words or phrases when doing sentiment analysis (SA) at the word or phrase level. This is 

important since the smallest relevant unit in a text is a word. This kind of SA is thus the most thorough. As a result, 

it has attracted the attention of several academics, resulting in an infinite number of word-level research on SA. Prior 

research studies have considered the polarity of words and phrases when using sentiment classification at the 

sentence and document levels [22, 24]. As a result, both mechanical and manual word lexicon list generation are 

common practices. The word lexicons of SA often include adjectives (great, pleasant, magnificent, astonishing, old, 

horrible, dreadful), adverbs (quickly, slowly, horribly, brutally), and specific verbs (like, hate, love, detest). 

Sometimes nouns like "junk" and "trash" are also regarded as sentiments. 
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DISCUSSION 

The conceptual framework proposed in this study represents a significant advancement in the domain of sentiment 

analysis and opinion mining by strategically leveraging the vast and dynamic landscape of web data. By incorporating 

diverse data sources such as social media platforms, online forums, and user review sites, the framework enhances 

the granularity and breadth of insights drawn from public discourse. One of the key strengths of this framework lies 

in its ability to aggregate large volumes of unstructured data that are inherently rich in diverse perspectives and 

sentiments. Unlike traditional sentiment analysis methods that rely on limited datasets or structured survey 

responses, this framework captures real-time, organic user expressions, offering a more representative and nuanced 

understanding of public opinion. Furthermore, the framework employs advanced natural language processing (NLP) 

techniques, including sentiment analysis algorithms and topic modeling, to extract and analyze data. These 

computational methods allow for the identification of sentiment patterns, shifts in public opinion over time, and the 

detection of emerging issues or themes. Such capabilities are particularly valuable for organizations and policymakers 

aiming to remain responsive to evolving societal trends, consumer behaviors, and political sentiments. The 

integration of ethical data collection and processing practices within the framework also ensures responsible usage 

of online information, maintaining privacy and compliance standards while maximizing insight extraction. Overall, 

this framework positions itself as a comprehensive and adaptable tool for sentiment analysis in an increasingly digital 

and opinion-rich environment. 

CONCLUSION 

This study presents a comprehensive conceptual framework for leveraging web data in sentiment analysis and 

opinion mining, addressing the limitations of traditional methodologies and harnessing the power of digital public 

discourse. By systematically integrating diverse online data sources with robust computational techniques, the 

framework enables deeper, more accurate insights into the dynamics of public sentiment. The proposed framework 

not only broadens the scope of sentiment analysis but also enhances its relevance for real-world applications. It 

supports data-driven decision-making for businesses, researchers, and policymakers, offering a scalable and flexible 

approach to monitor and respond to public opinion. As digital communication continues to evolve, this framework 

lays the groundwork for future research and applications that seek to make sense of the vast, unstructured, and ever-

changing web-based opinion landscape. Continued refinement and practical implementation of this framework can 

significantly contribute to more responsive, informed, and adaptive organizational strategies in the digital era. 
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