£ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal gD €O
ISSN: 2581-9429 Volume 5, Issue 3, April 2025 Impact Factor: 7.67

Survey on Challenges and Solutions in Sentiment
Analysis of Social Media Content

Ms. Archana Babaso Kogale' and Mrs. Shubhangi Rajesh Patil’
Student, Department of Computer Science and Engineering'
Assistant Professor, Department of Computer Science and Engineering’
Ashokrao Mane Group of Institution, Vathar, Kolhapur, India

Abstract: This review paper examines the problems and solutions that come with the sentiment analysis of
social media content, finding challenges of informal language, slang, abbreviations, emojis, hashtags,
cultural diversity, and contextual variations. Even though valuable insights into public opinion across
various sectors can be obtained through sentiment analysis, dynamic and unstructured social media data
create considerable problems. Advanced techniques will be looked at, from pre-processing techniques and
domain-specific sentiment lexicons to deep learning models, such as BERT, all towards the purpose of
increasing accuracy for sentiment classification, as well as integrating visual data, including emojis and
hashtags, into the models. With the synthesis of recent work, the paper may succeed in capturing an
understanding of the current state of the constantly changing landscape of social media sentiment analysis,
illuminating efforts within striving for sentiment classification accuracy enhancement in online systems.
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L. INTRODUCTION
With such platforms as Twitter, Facebook, and Instagram creating millions of user-generated contents daily, sentiment
analysis is crucial in trying to understand the general public's opinions and behaviours across different fields like
market research, political campaigns, and public health. Businesses utilize such information to modify customer
policies, while policy-makers exploit the usage of sentiment analysis in formulating better outreach campaigns [1]. In
political environments, sentiment analysis empowers political entities to gauge voter sentiments. As a result, it allows
for tailoring messages that will appeal to the people [2]). Such applications show how significant sentiment analysis is
in tapping into real-time large-scale opinion streams. Fig 1 shows the sequential process of handling the challenges in
social media sentiment analysis, finally yielding actionable insights.
However, despite this potential, analysis of social media data poses a variety of challenges. The informal nature of user-
generated content complicates text processing. Posts on social media often have slang, abbreviations, misspellings, and
multilingual content, complicating sentiment extraction [3]. Furthermore, although emojis and hashtags add semantic
depth, their meanings are often context-dependent, further complicating the interpretation of sentiments [4]. Moreover,
platforms such as Twitter, where posts are short, pose challenges for sentiment classification algorithms because of the
limited amount of information available [15].
To address these complexities, researchers have come up with a variety of algorithms and hybrid approaches. Fig 2
outlines the overall context of the issues leading to respective solutions in easy-to-read text. [5] included the integration
of machine learning along with natural language processing techniques in an effort to understand the social media
content in better contexts. Along the same line, [6] designed a hybrid model. In this model, integration of support vector
machines and latent semantic analysis have been done in order to explore even deeper insights related to sentiment.
Although it is promising enough, these approaches have been crippled quite often by some domain-specific challenges
such as sparsity of data and the smaller size of labelled datasets [7].
Sentiment analysis in social media possesses transformative potential but is currently restrained by linguistic diversity
and contextual variations and data quality issues. It thus requires continuous innovation in algorithmic models as well
as cross-disciplinary collaboration toward improving sentiment classification systems.
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This paper discusses challenges in the sentiment analysis of social media based on informal language, emojis, hashtags,
and cultural diversity. The state-of-the-art solutions have been reviewed including advanced pre-processing methods,
sentiment lexicons, and deep learning models. Issues such as informal language and data sparsity are discussed in
Section 2 and techniques to handle these issues are discussed in Section 3. Section 4 synthesizes the major conclusions
and recommendations for further research, and Section 5 concludes with observations of the importance of sustained
innovation in the field of sentiment analysis.

II. CHALLENGES IN SENTIMENT ANALYSIS OF SOCIAL MEDIA CONTENT
Sentiment analysis of social media messages is complex as users produce texts that are unique and don't lie within
familiar domains. Processes on platforms like Twitter, Facebook, and Instagram make language informal, culturally
diverse, and contextually variant. From this, advanced techniques have been developed to interpret nuances in social
media language to bring about more reliable and insightful sentiment predictions.
Several challenges in the area of sentiment analysis for social media content arise primarily due to the informal,
dynamic, and context-dependent nature of language. Among them, one is the excessive usage of informal language,
slang, and abbreviations that complicate the process of sentiment analysis. There are also many non-standard
expressions such as "LOL" (laughing out loud) or "YOLO" (you only live once), and the ambiguity in such cases needs
to be captured or considered to be relevant based on their contexts. According to [1], pre-processing techniques applied
here are much sophisticated because social media text is informal. In this context, [8] presented deep learning models
that were capable of managing code-mixing and shortened slang, and hence improved sentiment interpretation in
multilingual texts.
Furthermore, use of emojis and hashtags also hampers sentiment analysis. The ambiguous, context-dependent meaning
of emojis often conveys emotion better than text. For instance, a smiling face emoji could generally be seen as positive;
however, it would depend on what is accompanying the emoji. According to [7], adding visual data like emojis along
with traditional text-based sentiment analysis helps improve the precision of the prediction of sentiment. Hashtags, that
act as sentiment indicators (e.g., "#Feeling Good") and labels for organizing, make the task even more ambiguous when
it comes to classifying the sentiment. For this purpose, [9] developed hybrid algorithms that could address the dual
functions of hashtags in social media posts.
The other problematic aspect of sentiment analysis of content online is the cultural and linguistic differences on social
media. Sentiments and their expressions tend to be hugely diverse among different regions and cultures, bringing
generalized sentiment models into even less effective functionality. According to [10], in one culture, emotions or
phrases may symbolize something positive, while they give some negative meaning in another. To overcome this, [11]
proposed context-aware models that integrate cultural semantics into sentiment classification, allowing models to
account for regional differences in sentiment expression.
Another complicating factor for sentiment analysis is social media posts that are short and lack contextual information
or punctuation. Short pieces of social media posts without much context or even punctuation are yet another
complicating factor in sentiment analysis. [12] addressed this problem by using topic-specific attention mechanisms
that can even extract contextual information from the minimum amount of text. [13] also noted how pre-training word
embeddings for instances where the linguistic detail may be scarce, in a short piece of social media text, benefits the
classification of sentiment therein.
Finally, sarcasm and irony are always the toughest challenge to the sentiment analysis system because it often has a
different meaning and opposite sentiment of the literal meaning. As noted by [14], models of sentiment have a tendency
of misclassifying sarcastic posts as literal expressions. Sentiment-specific features from the interaction histories of the
users have been used by [5], through which their models were better able to identify sarcasm and irony within social
media text.
These challenges represent the complexity of sentiment analysis on social media and thus highlight the need for more
advanced models that could effectively interpret the rich, context-dependent nature of user-generated content.
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III. SOLUTIONS TO ADDRESS SENTIMENT ANALYSIS CHALLENGES
Advanced techniques overcame the challenges in social media-based sentiment analysis. Apparently, they were meant
to enhance the accuracy and efficiency of the models regarding sentiment classification. Different solutions varied from
the pre-processing method, including cleaning and standardizing informal data to domain-specific lexicons and deep
learning models, which could potentially capture contextual nuances. These approaches handle the complexities of
content on social media, therefore leading to a more reliable understanding of user sentiment.
The various solutions proposed to overcome the challenges of sentiment analysis on social media enhance the accuracy
of the models of sentiment classification. Pre-processing is a basic step because social media data is noisy and informal.
Spelling correction, abbreviation expansion, tokenization, and part-of-speech tagging help standardize and prepare the
text for analysis. For instance, [8] used specific preprocessing techniques to deal with code-mixed tweets, while tools
like VADER and TextBlob had been useful in dealing with the informal expressions and emojis and enhanced
sentiment classifications as have been reported by [13].
The lists specially created for social media, include Sentiment140 and SentiWordNet and utilize them in the process of
sentiment analysis. However, these lexicons are often domain adapted to enhance their effectiveness across different
platforms. [12] proposed a deep learning model that integrates these lexicons with topic-level attention mechanisms,
which enhance sentiment predictions for specific domains. Domain adaptation techniques, such as transfer learning,
enable the use of platform-specific data as advanced, thus boosting the overall accuracy of the sentiment analysis.
Emojis and hashtags are also added to the challenges that come with sentiment analysis models. [7] considered emojis
as sentiment vectors and were inserted into the text data for more elaborate sentiment classification. Hashtags, as both
indicators of sentiment and organization labels, have been treated as keywords for the prediction of sentiment, which
has reduced any ambiguity about their role, according to [10]. Hybrid models that utilize both textual and emoji data
show significant improvement in accuracy in sentiment analysis.
Contextual models, particularly deep learning architectures like LSTMs and Transformers, for instance BERT, have
been vital in dealing with the vagaries intrinsic to the nature of social media content. BERT has been instrumental in
multi-contextual sentiment analysis-this ability to recognize long-range dependencies enables BERT-based models to
produce classification accuracy better than chance. Mechanisms such as attention mechanisms especially pay special
attention to words of sarcasm as it focuses its attentions on sentiments that occur in certain phrases in further improving
a typical sentiment analysis system.
Therefore, this section has been able to achieve great milestone in handling the challenges in sentiment analysis of
social media using advanced pre-processing techniques and the development of sentiment lexicon in tandem with deep
learning models. Solutions offered through these methods enabled understanding the noisy, diverse, and context-rich
nature of social media data, and thus obtained more reliable sentiment classification.

IV. FINAL DISCUSSION: ADDRESSING COMPLEXITIES IN SENTIMENT ANALYSIS OF SOCIAL
MEDIA

The field of social media content sentiment analysis is developing with a myriad of challenges associated with the
specific characteristics of user-generated text. In the preceding sections, it was established that informal language,
cultural diversity, and contextual variations constitute major hurdles for the task of accurate sentiment classification.
These obstacles call for a myriad of solutions and advancements in improving the sentiment analysis models, such as
pre-processing techniques, the development of the sentiment lexicon, deep learning models, and domain adaptation
methods. A summary of the contributions made by these papers is described in Table 1.

Pre-processing remains an essential backbone for dealing with the noisy and unstructured nature of social media data.
[8] discussed specialized preprocessing techniques specifically tailored to address code-mixed language, a problem that
commonly arises on social media platforms like Twitter. Tools like VADER and TextBlob have performed very well
for processing informal expressions and emojis for improving the precision of sentiment classification [13]. Other than
that, specific lexicons on social media are used in adaptation, like Sentiment140 and SentiWordNet; adaptation to the
domains is needed for better performance of these tools [12]. The integration of these lexicons with advanced models

such as deep learning-based topic-level attention mechanisms provides a more accurate sentiment analysis framework.
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Emojis and hashtags pose unique challenges because they are context-dependent and ambiguous in nature. Researchers
such as [7] and Samuels and [9] have successfully integrated emojis and hashtags into the sentiment model, thus
enhancing the identification of nuanced sentiment expressions. Further, context-aware models like BERT and LSTMs
have greatly improved the ability to capture long-range dependencies and contextual cues , thus enhancing further the
sentiment classification accuracy, especially for detecting sarcasm and irony, as depicted by [5].

Paper | Contribution

[1] Discusses the importance of sentiment analysis for market research, political campaigns, and
public health.

[2] Explores how sentiment analysis is used in political campaigns to gauge voter attitudes.

[3] Addresses the challenges of informal language and linguistic diversity in social media.

[4] Examines the impact of emojis and hashtags on sentiment analysis.

[15] Highlights the challenges posed by short text and limited information on platforms like Twitter.

[8] Proposes deep learning models for handling code-mixed and abbreviated language in tweets.

[13] Implements tools like VADER and Text Blob for parsing informal expressions and emojis.

[12] Proposes a deep learning model that integrates sentiment lexicons with topic-level attention
mechanisms.

[7] Introduces models that embed emojis as sentiment vectors for more nuanced sentiment analysis.

[9] Proposes hybrid algorithms to handle the dual roles of hashtags in sentiment classification.

[11] Develops context-aware models to address regional and cultural differences in sentiment
expression.

[16] Demonstrates the effectiveness of BERT for multicontextual sentiment analysis.

[5] Incorporates sentiment-specific features from user interaction histories to detect sarcasm.

Table 1: Summary of Key Papers and Their Contributions

In summary, in this reviewed study, it seems that the combined use of many different techniques, which include pre-
processing techniques, lexicon-based approaches, and deep architectures, holds substantial promise for conquering the
complexities that social media sentiment analysis often presents. Much innovation must also be pursued in these areas
to further improve the validity and accuracy in sentiment prediction given the dynamic heterogeneity of most online
environments.

V. CONCLUSION

The current paper delivers a detailed analysis of the difficulties and solutions concerning sentiment analysis for content
from social media, pointing to the nuances posed by informal language, cultural variety, and context sensitivity.
Contributions include integrating recent studies into pre-processing methods, lexicons of sentiment, and high-end
models of machine learning for boosting accuracy and performance of sentiment classification. Further study should
focus on developing an automatic sentiment analysis system that would handle large volumes of video comments and
classify them according to the degree of positive, negative, or neutral sentiments. Comparing the outcome of this new
system against that of the old manual method could be an area of evaluation about its efficiency and accuracy.
Secondly, the determination of sentiment patterns within different content categories will offer deeper insight into what
propels audience engagement. Finally, the visualization dashboard will offer actionable insights that content creators
can use to align their content better with what would appeal to their target audience.

VI. ACKNOWLEDGMENT
I confirm that this paper faithfully reflects the true findings and conclusions of the research conducted, and that all data,
survey on methodologies, and results presented are with proper citations and contributions are accurate to the best of
my knowledge.

Copyright to IJARSCT DOI: 10.48175/IJARSCT-25069 439

www.ijarsct.co.in ISSN \:

| 2581-9429 |}
R\ UARSCT /7




Q) IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal gD €O
ISSN: 2581-9429 Volume 5, Issue 3, April 2025 Impact Factor: 7.67

REFERENCES
[1T A. Prof. Indumathi, “Sentiment Analysis for Social Media,” 2020.[Online]. Available:
https://api.semanticscholar.org/CorpusID:61383478
[2] S. Gupta and R. Sandhane, “Use of sentiment analysis in social media campaign design and analysis,” Cardiometry,
no. 22, pp. 351-363, 2022.
[3]J. Yadav, “Sentiment Analysis on Social Media,” 2023.
[4] A. Alrumaih, A. Al-Sabbagh, R. Alsabah, H. Kharrufa, and J. Baldwin, “Sentiment analysis of comments in social
media.,” International Journal of Electrical & Computer Engineering (2088-8708), vol. 10, no. 6, 2020.
[5] G. S. Talwar, B. K. Saini, N. Kaur, B. Kaur, and P. K. Sarao, “A Machine Learning Approach to Analyse Sentiment
on Social Media,” in 2023 2nd International Conference on Futuristic Technologies (INCOFT), 2023, pp. 1-6.
[6] D. Kudalkar, T. Mistry, K. Thakkar, and P. Satam, “Social Media Sentiment Analysis,” International Journal for
Research in Applied Science and Engineering Technology, 11, no. 10, pp. 1696—1708, 2023.
[7] G. Chandrasekaran, N. Antoanela, G. Andrei, C. Monica, and J. Hemanth, “Visual sentiment analysis using deep
learning models with social media data,” Applied Sciences, vol. 12, no. 3, p. 1030, 2022.
[8] S. Javdan, T. S. Ataei, and B. Minaei-Bidgoli, “IUST at SemEval-2020 Task 9: Sentiment Analysis for Code-Mixed
Social Media Text using Deep Neural Networks and Linear Baselines,” CoRR, vol. abs/2007.12733, 2020,[Online].
Available: https://arxiv.org/abs/2007.12733
[9] A. Samuels and J. Mcgonical, “News sentiment analysis,” arXiv preprint arXiv:2007.02238, 2020.
[10] N. M. Diaa, S. S. Ahmed, H. M. Salman, and W. A. Sajid, “Statistical Challenges in Social Media Data Analysis
Sentiment Tracking and Beyond,” Journal of Ecohumanism, vol. 3, no. 5, pp. 365-384, 2024.
[11]:B. Liu et al., “Context-aware social media user sentiment analysis,” Tsinghua Sci Technol, vol. 25, no. 4, pp. 528—
541, 2020.
[12] A. R. Pathak, M. Pandey, and S. Rautaray, “Topic-level sentiment analysis of social media data using deep
learning,” Appl Soft Comput, vol. 108, p. 107440, 2021.
[13] Raman Swati, “Review Paper: Social Media Sentiment Analysis Using Twitter Dataset,”  International Journal of
Scientific Research in Engineering and Management, vol. 7, no. 9, pp. 171-176, 2023.
[14] M. Ahad, “A Review Article: Use of Sentiment Analysis in Social Media,” International Journal of Engineering
Applied Sciences and Technology, vol. 7, no. 9, pp. 171-176, 2023.
[15] P. Dash, J. Mishra, and S. Dara, “Sentiment analysis on social network data and its marketing strategies: A
review,” ECS Trans, vol. 107, no. 1, p. 7417, 2022.
[16] H. Saragih and J. Manurung, “Leveraging the BERT model for enhanced sentiment analysis in multicontextual
social media content,” Jurnal Teknik Informatika CIT Medicom, vol. 16, no. 2, pp. 82—89, 2024.

Copyright to IJARSCT 440

www.ijarsct.co.in e [/ 1ssn

| 2581-9429 |}
R\ UARSCT /7




