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[bookmark: _Toc202724228]Introduction and Background
With the rapid expansion of mobile applications in the digital marketplace, user comments has emerged as a valuable source of data both for stakeholders and developers [1]. Out of all the different kinds of user-generated data, app reviews are crucial for influencing new downloads, forming user perception, and directing product enhancements for the business. Therefore, it is becoming increasingly important to be able to analyze these reviews in a systematic way [2].
The detection of sentiments from textual content is an area of natural language processing (NLP) that allows for the automated identification and classification of opinions expressed in text data [3]. Sentiment analysis helps extract useful information from massive amounts of user reviews by classifying the user reviews into positive, negative, and neutral sentiment [4]. This can help developers enhance overall user satisfaction, correct long-term issues, and understand how people perceive a product.
For unstructured text data analysis, processing, and interpretation, NLP methods provide robust methods. Unprocessed text input can be transformed by NLP models into meaningful structures suitable for machine learning as well as deep learning tasks using methods such as tokenization, lemmatization, and vectorization. These processes enable scalable and uniform analysis of feedback, well beyond human review capabilities [5].
This project involves applying sentiment analysis to user reviews of the mobile game Mobile Legends: Bang Bang. By comparing different sentiment classification methods ranging from classical machine learning to deep learning architectures and transformer-based models. We want to determine the most efficient approaches to understanding user sentiment in reviews of mobile apps. This study's findings can provide useful insights to app developers, marketers, and UX designers wishing to improve app performance through feedback from users.
[bookmark: _Toc202724229]Problem Statement
Mobile app Mobile applications have become an integral part of daily life, providing services ranging from communication and entertainment to education and finance. Despite their widespread adoption, apps often face challenges such as performance issues, frequent crashes, poor user interface design, and unresponsive updates. Negative user experiences like these can lead to low ratings, poor retention, and ultimately reduced market success. For developers and stakeholders, understanding user concerns quickly and effectively is critical to maintaining app quality and user satisfaction.
User reviews in app stores provide rich, unstructured feedback that reflects real user experiences and sentiments. However, manually analyzing thousands of reviews is impractical. Sentiment analysis offers a scalable solution by automatically classifying user opinions as positive, negative, or neutral, enabling developers to identify and prioritize areas needing improvement.
While various approaches to sentiment analysis exist, challenges remain. There is a lack of studies that systematically compare traditional machine learning, deep learning, and transformer-based models in the specific context of mobile app reviews.
This study aims to fill this gap by applying and comparing multiple sentiment analysis techniques to user reviews of the Mobile Legends app. By identifying the most effective models and preprocessing strategies, this research seeks to support developers in leveraging user feedback for product improvement.
[bookmark: _Toc202724230]Thesis Objectives
The primary goal of this study is to perform a comprehensive sentiment analysis on user reviews of the Mobile Legends app and compare the performance of various classification models.
Thesis Contribution:
· To develop a robust preprocessing pipeline for cleaning and preparing app review data.
· To apply and evaluate multiple sentiment analysis techniques, including traditional machine learning, deep learning, and transformer-based models.
· To compare the effectiveness of these models in classifying user sentiment accurately.
· To identify the most suitable approach for analyzing mobile app reviews based on performance and practicality.
Research Questions:
· Which sentiment analysis model performs best on mobile app reviews in terms of accuracy and reliability?
· How do traditional machine learning models compare to deep learning and transformer-based models in this context?
· What preprocessing steps contribute most to improving sentiment classification accuracy?
· Can insights from sentiment analysis help identify common user concerns and satisfaction drivers in mobile games?
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[bookmark: _Toc160852659][bookmark: _Toc202724232]Introduction to sentiment Analysis 
Sentiment analysis (SA) refers to the use of natural language processing, text analysis, and computational linguistic techniques to systematically identify, extract, quantify and study affective states and subjective information in written language [6]. 
[bookmark: _Toc160852660][bookmark: _Toc202724233]Techniques Used in Traditional Sentiment Analysis
One of the earliest techniques used in sentiment analysis involved applying machine learning classifiers to labelled text data [7]. [8] formulated sentiment classification as a text categorization problem, where the goal is to assign positive or negative labels to movie reviews. They trained SVM, Naive Bayes and maximum entropy classifiers on unigram presence features extracted from reviews, achieving over 80% accuracy showing the potential of using supervised learning for sentiment analysis. Lexicon-based techniques rely on sentiment lexicons that manually associate prior polarity scores to sentiment-bearing terms [9]. While simple to incorporate, they do not account for contextual polarity shifts. Other studies have crafted sentiment-specific features to represent sentiment modifiers, like sentiment shifters, amplifiers and negation words [10].  
Feature selection techniques are also used to reduce dimensionality by identifying the most informative features using metrics like mutual information and chi-square [11]. Ensemble methods combine diverse feature sets, for instance by taking a weighted majority vote of classifier predictions made using different feature subsets. Overall, traditional sentiment analysis techniques demonstrate that supervised machine learning on relatively simple lexical, syntactic and semantic text features can reasonably predict sentiment. However, deeper linguistic modelling of contextual and compositional aspects remains a challenge with these approaches.

[bookmark: _Toc160852661][bookmark: _Toc202724234]Applications of Sentiment Analysis
[bookmark: _Toc202724235]Social Media Monitoring
Social media has transformed online communication by enabling the free expression of opinions on a massive global scale. As of 2022, over 4.48 billion people use social networks worldwide [12]. This ubiquity of user-generated content on platforms like Twitter, Facebook and Instagram represents a rich untapped source of real-time sentiment data. Sentiment analysis applied at an industrial scale has emerged as a powerful way to convert this subjective language into structured sentiment metrics for various applications. Governments and political groups extensively monitor social media using sentiment analysis for issues management and reputation monitoring. By tracking reactions in near real-time, they can intervene quickly on emerging topics. Several studies have also demonstrated predicting election outcomes by analysing millions of social media posts and classifying sentiments towards candidates [13]. 
Likewise, brands benefit from monitoring customer conversations and promptly addressing issues mentioned to improve experience. Analysing sentiments around new products or marketing campaigns provides timely feedback for refinement. During crises, it facilitates damage control by pinpointing negative commentary [14]. Non-profits assess advocacy outreach effectiveness from sentiment trends. Healthcare organisations also utilise it to understand patient experiences and engagement [15]. In general, automated social media monitoring changes how organisations monitor the intangible assets like reputation by reducing vast amounts of subjective data. Future research can be based on these applications to improve the public policy, business and social influence.
[bookmark: _Toc202724236]Market Research
As such, sentiment analysis has become an essential tool to the market research and organisations can analyse a large number of customer opinions at once. Given the widespread availability of user reviews on e-commerce sites and applications, a large quantity of unorganised users’ feedback can be found online. By using techniques such as machine learning and sentiment analysis, this massive unstructured data can be automatically classified into different orientations of sentiments (positive, negative or neutral) towards the products, brands attributes or the competitors [16]. By studying how sentiment changes over the long period of time, it is very much possible to gain actionable insights into changing customer perceptions. This contributes to the evidence-based decision making in respect of the new products development, pricing strategies and also quality improvement of services. For instance, sentiments about certain attributes allow for the identifying of pain-points and meeting user needs [17]. On the other hand, competitive brand sentiments analysis helps in positioning competitively.
[bookmark: _Toc202724237]Customer Feedback Analysis
As a digital customer points of contact such as reviews, forums and messaging services increase, the organisations get unstructured feedback in large volumes on a daily basis. Sentiment analysis provides an alternative to this problem by classifying large corpora into negative, neutral or positive sentiments. This enables the quick identification of issues that need immediate attention. Sentiment analysis helps drive the continuous improvement initiatives by monitoring sentiment trends based on the specific attributes. It identifies commonly complained about aspects of a product or the pain-points in the process. Mining the contextual cues from the feedback also supports the root cause analysis. Later, the targeted remedial actions improve the customer experience and satisfaction rates [18]. 
Sentiments automated summarisation allows to transform the unstructured comments into measurable metrics. Correlations with the other metrics suggest the effect on loyalty, retention and also advocacy [19]. This is also the case with individual comments, categorised by sentiment, as they can be used to provide personalisation opportunities. Actively working to satisfy the disgruntled users creates goodwill and involving the promoters extends advocacy networks. This shows that sentiment analysis simplifies the process of handling the feedback and also personalises the customer’s journey.

[bookmark: _Toc160852662][bookmark: _Toc202724238]Challenges in Sentiment Analysis
[bookmark: _Toc202724239]Lexical Ambiguity 
Lexical ambiguity occurs when words have a lot more than one meaning in a given context. There are many difficulties with the sentiment analysis, because a word’s polarity of sentiment may change depending on the sense in which it is used. For instance, the term “sick” can be used to mean the negative polarity of being ill or the positive polarity referring to something as cool. It is impossible to classify without the context and intended semantics [20]. Another good example is the case of words like "crack" which may be negatively interpreted as a weak point, but also positively as a witty remark depending on the situation. The biggest challenge is capturing the correct word sentiments in such lexical variations. Techniques such as word sense disambiguation have been used to map the words to their actual meaning, before sentiment analysis. However, on a large scale, the ambiguity resolution is still difficult due to the absence of corpora which are sense-annotated [21]. Comprehensive lexical ambiguity resolution techniques involve many strategies that utilise the semantic knowledge resources, contextual information and also domain-specific characteristics. But the widespread ambiguity with undertones decreases the quality of the signal that traditional approaches cannot handle. Future research might focus on combining the syntax, stylistic attributes and also discourse cues with semantics and pragmatics to provide a more accurate sense of the intended sentiments [22]. 
[bookmark: _Toc202724240]Sarcasm and Idioms 
Idiomatic expressions and sarcasm present major challenges for the sentiment analysis because the sentiments are opposite to what the words imply. Sarcasm is based on irony, which involves the implicit meaning through contradictory superficial text [23]. For example, whether “what a great job you did!” is sarcastic criticism or simply literal praise depends on the context. Likewise, idioms such as "to pull one’s leg" mean the exact opposite of their literal semantics. To take such implicitly intended sentiments, the systems need to rise above the word and sentence level analysis. They need to apply pragmatic reasoning, knowledge of the figurative language and also common-sense knowledge about real-life situations [24].
Previous studies have proposed many characteristics such as syntactic incoherence, sentiment discrepancies and pragmatic signals to identify sarcasm. But sarcasm still remains very vague even to a human, without sufficient background. Therefore, capturing the implied feelings at massive scales is very challenging [25]. Like for idioms, the systems need access to cultural knowledge bases which map phrases to their non-compositional sentiment meanings. Nevertheless, assembling an encyclopaedic knowledge on the idiomatic changes between languages, regions and time is rather problematic. Humans also frequently argue about the edge cases [26]. Transformer-based large language models have proven their potential in capturing the context for sarcasm detection, but the absence of detailed pragmatic representations remains a weakness. Further research could also focus on the grounding of analyses in real life scenarios, social environments and also cognitive models of irony [27]. This can assist the machines to understand the implied human meanings that were lost in the hidden linguistic structures.
[bookmark: _Toc202724241]Subjectivity and Context Dependence
Sentiment analysis is made even much more complicated by the fact that the language is very subjective and dependent on the context. Sentiment orientations are not absolute, but they depend on the social and situational contexts surrounding the opinions. For instance, “great video quality” may be considered as a negative factor in the reviewing a high-end device but it is positive when it comes to the budget items [TODO]. Capturing such relative and also multidimensional feelings, however, presents its challenges. Subjectivity is a result of the interpretations that do not entail any facts or objectiveness. Models need to differentiate between the subjective text sections conveying personal states from the objective descriptions. But the subjectivity is usually implicit rather than being explicit.
Sentiment terms can also be interpreted differently when viewed in a dynamic social environment such as the authors' own ideological slant, those who are addressed, or an ongoing discussion [28]. For example, what is considered as "progressive" policies in a positive light from one political standpoint may be rejected negatively from the other point of view. Modeling these permanently changing social elements is not a very easy task. Aspect-level sentiments make things a lot more complicated since one entity might evoke multiple sentiment towards different aspects. Separating these fine-grained opinions requires a structural sentiment analysis of the syntax and specific terms [29]. But the opinion on target expressions are varied and also contextual. Addressing subjectivity and context-dependence involves various levels of reasoning that is spread over the information at a lexical, syntactic, semantic, pragmatic and also world knowledge level simultaneously [30]. Despite some progress, the capture of complex sentiments that are very responsive to the evolving real-world situation remains an open research challenge.
[bookmark: _Toc160852663][bookmark: _Toc202724242]Traditional Approaches to SA - ML Approaches
[bookmark: _Toc157092540][bookmark: _Toc160852664][bookmark: _Toc202724243]Decision Tree for Sentimental Analysis
Decision trees are a type of supervised learning algorithm that can be used for classification and regression tasks [31]. It aims to design a model that estimates the value of a dependent variable based on learning simple decision rules derived from the historical information. In the case of sentiment analysis classification, decision trees can estimate whether a text has a positive, negative or even neutral attitude [32]. In the sentimental analysis of movie reviews, a study tried decision tree algorithms such as C4.5, ID3 and also CART [33]. They achieved an impressive accuracy of 87.23% using the C4.5 decision tree classifier on a large dataset consisting of 2000 movie reviews with binary sentiment labels. Through text, the decision trees learned the elements that are best defined positive and also negative sentiment. Another study also used the J48 decision tree induction and achieved an accuracy of 85-90% on various sentiment analysis benchmarks, including the movie reviews and customer feedback data sets [34].

[bookmark: _Toc157092541][bookmark: _Toc160852665][bookmark: _Toc202724244]Naive Bayes for Sentimental Analysis
Naive Bayes is a simple probabilistic classifier based on Bayes' theorem that is widely used for text classification tasks such as sentiment analysis. It assumes independence between predictor variables conditional on the target variable. This assumption is known to be unrealistic for natural language data but Naive Bayes has been found to work well empirically. Nurdiansyah et al. (2018) [35] were among the first to apply Naive Bayes to movie reviews sentiment classification and obtained an accuracy of over 80%. Subsequent researchers achieved high performance using Naive Bayes on varying sentiment analysis problems. For example, a study was conducted using multi-class Naive Bayes on Twitter data and achieved 81% accuracy in detecting positive, negative or neutral sentiment [36]. Another study did a five-class sentiment analysis (very negative to very positive) on an Amazon product reviews dataset with a Naive Bayes model delivering 73.4% accuracy [37]. In similar study, Kabir et al. (2021) [38] used Naive Bayes on the customer feedback corpora and this resulted in a comparative precision and recall rates to SVM and also maximum entropy.
Naive Bayes has also worked very successfully for many languages other than English in the field of sentiment analysis. For instance, Alraddadi and Ghembaza, (2021) [39] classified the Arabic sentiments towards Islam and achieved up to 91% accuracy. In addition, another study used Naive Bayes in the Chinese sentiment analysis and achieved an accuracy of 78-88% based on the data pre-processing [40]. Similarly, Awwalu et al. (2019) [41] ran Naive Bayes on Romanain movie reviews to recognise positive, negative and neutral categories, where its F1-measure was above 80%. These findings establish Naive Bayes as a language-agnostic solution for sentiment classification.
[bookmark: _Toc157092542][bookmark: _Toc160852666][bookmark: _Toc202724245]Support Vector Machines for Sentiment Analysis
Support Vector Machines (SVM) are a class of supervised learning algorithms widely adopted for both linear and non-linear classification and regression [42]. In sentiment analysis, the SVMs are utilised to classify the texts as binary or multi-class sentimental classes. A large number of SVM formulations are now being used by the researchers for sentiment classification, and the results have been rather very encouraging. Luo (2021) [43] first used a linear SVM on text categorisation achieving over 90% accuracy when he was classifying web documents into the specified topics. One of the first algorithms used on sentiment analysis by Elmurngi and Gherbi (2018) [44] was SVM for classifying movie reviews as positive or negative with an 82.9 accuracy rate. Many subsequent studies have investigated the SVMs for different classification problems, languages and also sentiment analysis domains.
[bookmark: _Toc160852667][bookmark: _Toc202724246]LLM Approaches to SA
There has been an implausible leap forward in the conception of large language models (LLMs) over time that comprise GPT-3 [52], PaLM [45], Flan-UL1 and UL2 [46], and LLaMA [47]. There are also these LLMs that go through the pre-training on large volumes of text data and they use numerous training approaches like instruction tuning [48], “reinforcement learning from human feedback (RLHF)”, etc. [49]. Currently, with such capabilities in zero-shot or few-shot learning. Zhong, et al. [50] noted that zero-shot competencies of LLMs are comparable to the fine-tuned BERT model. Likewise, Wang, et al. [52] performed a pilot study with Chat GPT in regard to some SA errands that focussed on open domains, polarity shifts, as well as sentiment inference. In addition, Deng, et al. [53] fixated on the fine-tuning of a smaller student model with an LLM to produce weak labels and the concluding model outpaced existing administered approaches. Even though those efforts have been in presence, their range is typically restricted to certain concerns and use diverse datasets and experimental schemes.
[bookmark: _Toc160852668][bookmark: _Toc202724247]Sentiment Classification
SC is about allocating predetermined sentiment classes (such as negative, positive or neutral) to particular texts [54]. It functions as an elementary gauge of sentiment polarity and is often imparted to scrutinise client reviews, posts on social media and others. This approach may incorporate numerous figures of sentiment classes, from binary classification wherein sentiments are labelled either negative or positive to more refined five class classification evaluating sentiments among very undesirable and very constructive. There are also numerous stages of granularity at which sentiment can be examined, such as document, sentence, and aspect-level. Document level sentiment arrangement pursues to govern the inclusive tone of a text corpus, giving an outline of the articulated polarity.
[bookmark: _Toc160852669][bookmark: _Toc202724248]Aspect-based Sentiment Analysis
The examination of sentiments at the stage of aspects is called “aspect-based sentiment analysis (ABSA)”. It encompasses sentimental structures like opinions, aspects and sentiment polarities [55]. The curiosity in ABSA has developed much over the past period, which led to the advent of several tasks. By extension, UABSA is the procedure of ascertaining both an aspect and its resultant sentiment polarity simultaneously. Based on the UABSA assignment, the ASTE task further abstracts opinion sentences that benefit in explaining why certain aspects are projected to have a specific sentiment. As such, the eventual objective of ASTE is to capture the (opinion, aspect, and sentiment) triplet from a prearranged portion of text.

[bookmark: _Toc160852670][bookmark: _Toc202724249]Multifaceted Analysis of Subjective Text (MAST)
MAST are the tasks that necessitate multidimensional analysis of subjectivity text [56]. These tasks expand the SA further than positive or negative moods but intends at identifying and comprehending a wide range of human sentiments. Implicit sentiment analysis denotes to ascertaining the implicit or unforeseen opinions in text. It involves divulging sentiments that are transported through contextual evidences, tone or linguistic outlines. Li, et al. [57] separated the Laptop and Restaurant assessments from SemEval 2014 into two parts: implicit and explicit. Hate speech detection relates to the documentation of content that advocates for discernment, animosity or violence against people or groups owing to their race, faith, ethnicity, gender individuality as well as sexual alignment among other protected characteristics. Irony Detection – this is a pretentious device that often transpires when the envisioned explanation of a statement diverges from its factual meaning. The irony de tection aids to identify and understand irony within the manuscript [58].
[bookmark: _Toc160852671][bookmark: _Toc202724250]Performance of ChatGPT (LLM) in SA Tasks
LLMs have presented the capacity to handle somewhat trivial SC tasks like “binary sentiment classification” and MAST responsibilities without any training beforehand. For example, ChatGPT executes similarly to the T5 model, which was fine-tuned by means of the complete training set for each dataset. Particularly, ChatGPT’s usual performance is at approximately 97% of the T5’ forecast on SC tasks and 83 percent on MAST tasks correspondingly. This infers a greater sentiment analysis proficiency that is already entrenched in these models. On the other hand, the study has observed that for more complex tasks it still is behind fine-tuned models like 52.4 as opposed to 65.6 accuracy scores on “Yelp-5” datasets which is a fine-grained five-class SC task and likewise 72.80 v.s. 80.35 accuracy marks on relative opinion.
[bookmark: _Toc160852672][bookmark: _Toc202724251]Large Models vs Small Models
One of the interpretations drawn from evaluating performance alteration among these LLMs is that large models, with a superior number of parameters tend to perform superior than smaller ones such as associating the performance among Flan-T5 and text-003. But, this does not imply that increasing the scale of the model always results in better performance. For instance, nevertheless Flan-UL2 is not the biggest model, it accomplishes comparable and occasionally better performance than the larger models like text-003 across diverse tasks because of both rational scale and outsized instruction tuning.
Despite their competence in many SA tasks, LLMs are not capable to source organised and fine-grained sentiment and attitude information. For example, Flan-T5 and Flan-UL2 did not score any substantial performance on all ABSA tasks from each dataset. text-003 and ChatGPT provided improved results but were still noticeably trampled by fine-tuned smaller language models. For example, text-003 attained around 54 percent of the performance of a fine-tuned T5 model despite its magnitude being more than 200 times bigger.

[bookmark: _Toc160852674][bookmark: _Toc202724252]LLMs for SA in Practice
Several crucial findings and hands-on application endorsements for SA follow from the investigational results. LLMs are already appropriate resolutions for simple SA tasks like binary or trinary sentiment cataloguing. Their performance can be equivalent or even superior than fine-tuned smaller language models, and with diminutive sensitivity to disparities in prompt design. Even with inadequate annotation resources, LLMs are a respectable option since they outperform in-context of learning of SLMs trained on the same restricted data [59]. But the restricted scope of LLMs in terms of their use case can be a concern particularly when executing document-level tasks wherein SLMS might be enhanced.
[bookmark: _Toc160852675][bookmark: _Toc202724253]SA Challenges for LLMs
However, with the advancement of LLMs many SA tasks can be claimed to have been resolved and the study came across binary sentiment classification in their experimental outcomes. But does this infer that sentiment examination has touched its prime of life in the era of LLMs? Generating models that can identify such distinctions in language, comprising mockery, irony, comedy and culturally particular forms of terminologies or idioms is not easy. They usually bank on the context as well as collective cultural background awareness or even private human involvements. The findings of the study by Zhang, et al. [59] indicated that models are still facing complications in providing fine-grained structured facts as desirable by ABSA tasks. But such data can be accommodating to harvest a more organised digest, as the long perspective is still an issue for most of the LLMs. In addition, it is also problematic to identify more precise emotional situations or levels of sentiments for additional analysis.
Evolving Sentiment Analysis of feelings and terminologies tend to vary, predominantly on social media Platforms. This upshot in the perpetual advent of new idioms and sentiment-related expressions. Consequently, it necessitates the sentiment analysis models to fine-tune and integrate these evolving trends in order to appreciate the encrypted sentiments appropriately. On the other hand, one of the major downsides that current LLMs have is their incapacity to fine-tune or re-educate. This problem confines their capacity to sustain the swiftness of language and sentiment variations which ultimately leads to outdated or erroneous emotional analysis. 

[bookmark: _Toc157439847][bookmark: _Toc160852676][bookmark: _Toc202724254]Comparing The LLM and ML Approaches to SA
[bookmark: _Toc157439848][bookmark: _Toc160852677][bookmark: _Toc202724255]The Dual Track: LLM and Traditional ML
According to Baid et al [60]  when people talk about classic ML tools, they usually bring up robust toolkits like Xgboost, ARIMA, and SARIMAX. When used in conjunction with AutoML solutions, these tools' allure stems from their proven dependability and straightforward interpretability. The effectiveness of these techniques has been shown time and time again in a variety of contexts, proving that they can reliably provide efficient and accurate forecasts. The computational efficiency of these ML tools is one of their key strengths. One major issue that arises when dealing with large amounts of streaming data is the processing expense. Compared to alternative techniques, [61] explained that classic ML models often have better speed and accuracy since they use fewer demanding resources and use well-established algorithms. By spotting outliers with little computing burden, they provide a solid foundation for anomaly identification. On the other hand, we are pioneers in the field of LLMs. These algorithms use English understanding for real-time video streaming prediction, which represents a paradigm change in anomaly identification. However, Chang et al. [62] expressed that the approach here is intriguing; it involves treating real-time data as a "language" that the model can understand and use to make predictions.
[bookmark: _Toc157439849][bookmark: _Toc160852678][bookmark: _Toc202724256]Dive into Technicalities
According to [63] decipher the technical intricacies of both conventional Machine Learning (ML) and Large Language Models (LLM) in the quest for anomaly identification in live video streams. In order to create strategic deployments that guarantee a flawless and improved user experience, it is crucial to understand these ins and outs. Conventional ML models' strength is in their ability to generate and use new, relevant characteristics for prediction purposes. Moreover, Yuan et al. [64] An essential part of machine learning is feature engineering, which transforms raw data into a format that improves the model's pattern recognition and prediction capabilities. For instance, the model's performance may be significantly affected by characteristics such as bit rate, frame rate, buffer state, and network circumstances when it comes to video streaming. 
Additionally, [61] elaborated that a well-constructed feature set might improve the model's ability to correctly categorise anomalies, which usually manifest as outliers. Finding these characteristics, however, calls for knowledge of the relevant domains as well as a thorough understanding of the data. Despite the fact that this procedure requires accuracy and repeatability, the benefits are substantial. The computational efficiency of classic ML models is an indisputable strength. In comparison to LLMs, these models might use less computing resources to forecast outliers thanks to their well-established techniques. As an example, ML methods like Support Vector Machines and Decision Trees are very efficient; they can spot anomalies in streaming data with large volumes in real time. Not only this, but Yenkikar et al [65] explored that timely identification and mitigation of anomalies depend on this efficiency, which is more than just a cost-saving technique. Delays caused by processing overhead in a real-time streaming environment might result in a poor user experience. Traditional ML models are powerful for detecting anomalies in streaming videos because of how efficiently they use computing resources.
Zhang et al. [66] noted that a new angle on anomaly detection is offered by LLMs, which translate streaming data into a language the model can understand. The use of tokens for prediction purposes is essential to this method. 'Tokens' here mean encoded telemetry data. Tokens, representing individual events or attributes, are generated from the raw streaming data. With the model's training on these tokens, it can anticipate tokens to come using the input sequence, allowing for anomaly detection in real-time. This is a perfect fit for transformer models, which are masters at figuring out data's long-term dependencies. These models strive to improve their predicting skills by capturing the temporal dynamics of the streaming data by storing timestamp information along with other telemetry data. But, there are computational demands and sensitivity tuning issues that might arise from these models' complexity. 
[bookmark: _Toc157439850][bookmark: _Toc160852679][bookmark: _Toc202724257]Comparative Analysis
Chang [62] stated that choosing between LLMs and classical ML seem like walking a tightrope in the complicated dance of anomaly detection in video streaming. It's all about balancing computational cost, nimbleness, complexity, ease of deployment, and accuracy. Unravelling these links, this comparative investigation sheds light on the distinct advantages and disadvantages of each technique. For a long time now, traditional ML models have shown that they can reliably and accurately forecast anomalies, thanks to their arsenal of tried-and-true techniques. The skill of feature engineering is vital to these models' accuracy since it converts raw data into a format that enhances the model's capacity to recognise patterns and make predictions. However, there is a cost to accuracy; conventional ML models often use less computing power than LLM models. But Yuan et al [64] stated that LLMs usher in a new era of language-centric anomaly detection, even if they have heavier computational demands. One way LLMs provide a fresh perspective on anomaly detection is by treating streaming data as a language the model can understand. However, LLM prediction accuracy is highly dependent on the thoroughness and quality of the tokenisation process, which transforms raw data into a series of tokens. Compared to other options, LLMs are far more flexible. Without needing particular structure, they may consume and comprehend a diverse range of real-time data.
[bookmark: _Toc157439853][bookmark: _Toc160852682][bookmark: _Toc202724258]Areas of Future Work
To better comprehend and use both classic ML techniques and LLMs, future work in SA should focus on a number of important areas that need more research and improvement. Ethical issues, adaptability, generalisation, resource efficiency analysis, and performance assessment are some of these areas of emphasis. The goal of future research should be to systematically compare LLM performance to that of classic ML algorithms on a wide variety of datasets and in different areas. To provide a more comprehensive picture of the pros and cons of each method, this assessment should include measurements like precision, recall, and F1-score in addition to basic accuracy metrics. Finding out how factors like dataset size, domain, and language affect model performance is another great way to find out what needs fixing. For practical implementation and scalability, it is necessary to understand the computing resource needs of LLMs and classical ML methods. Training time, memory usage, and system specs are some of the elements that might need more analysis in order to find optimisation and efficiency gains potential in future work. In real-world sentiment analysis applications, this analysis may help with choices like model selection, infrastructure investment, and resource allocation. 
It is conceivable that a comparative examination of old-fashioned machine learning and LLMs for SA can lead to innovative domains for research in NLP. The studies can be polished in a number of ways to examine the capacities of these models. An expanse of future work to contemplate on is scrutinising how well these models function on various types of data, such as social media posts, news bulletin articles, and merchandise reviews. Another conceivable direction for future work is to study transfer learning approaches that can help advance performance on minor datasets. Furthermore, the study can be broadened to other ML algorithms and deep learning architectures. Lastly, the range of this study could be widened to encompass other languages and cultures with an outlook to establish whether such models are pertinent in other situations.
[bookmark: _Toc157439854][bookmark: _Toc160852683][bookmark: _Toc202724259]Gaps in the Literature 
Although extensive literature has been devoted to the application of both traditional machine learning techniques as well as large language models to sentiment analysis tasks, there are a number of gaps in the current literature that need to be addressed. A significant gap is that there are no direct comparisons that assess the performance, computing resources, and synergies of ML and LLM methods using the same datasets and metrics. Most of the current research concentrates on separate evaluations of different techniques, making it challenging to determine which method is most accurate, fast, and scalable for sentiment analysis. 
The other gap is the use of hybrid methods that integrate ML and LLMs in a synergistic way. Another aspect that remains largely unexplored in the LLM literature is interpretability. Although ML models allow finding feature importance insights, it is not easy to understand the reasons for LLM decisions. On the other hand, interpretability is critical as one aspect of developing trust in sentiment systems by the user. Future research should suggest and examine explanation methods for LLMs including probing language representations or studying attention patterns. At the application level, most of the work concentrates on simple sentiment classification. Nevertheless, sentiment includes other subtle features such as emotions, facets and attitude towards entities that are less researched. Including evaluations on tasks such as emotion analysis, aspect-based sentiment and comparative sentiment would better capture the real need for sentiment understanding. 
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