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[bookmark: _Toc212587296]Abstract
The quantity of consumer-generated online reviews, which is quickly growing, is both valuable information and a daunting one to analyse in case the companies need to evaluate the sentiments of the people. This project involves a systematic evaluation of traditional Machine Learning procedures, and what I hope to accomplish is the establishment of the most effective Machine Learning algorithm in sentimental classification in a marketing-based call-up organisation. 
The effectiveness of any feedback design is fundamentally limited by system dynamics and model accuracy. The most important goal is to suggest a modelling strategy which can maintain predictive accuracy and minimise the computational load. After a tedious review of the literature and experimental comparison of a set of recognised classifiers, I discover that the best model to use is the Logistic Regression, which balances interpretability, scalability, and performance optimally [1]. 
The concepts and Implementations of supervised and un-supervised learning process has been discussed. Naiives Bayes, Support Vector Machines and Random Forests are also discussed but Logistic Regression provides a better generalisation with an assortment of data sets, especially with text-vectorisation techniques like Term Frequency, Inverse Document Festival (TF-IDF). 
A detailed process that includes data pre-processing, feature extraction, model training, validation and testing on precision, recall and F1 -score and accuracy measures. These findings provide evidence-based recommendations to organisations that cannot afford the resources to manage their operations, such that they can be able to conduct useful sentiment analytics at minimal computational costs compared to deep-learning methods [2]. 






[bookmark: _Toc212587297]Introduction
[bookmark: _Toc212587298]Background and Rationale
With a more digital marketplace such as product reviews, product ratings, and product feedback playing an important role in crafting brand perception and directing purchase behaviour. Systematic analysis of this data can give a strategic edge to marketing organisations as the subtlety in customer satisfaction, new trends and sentiment will be discovered. Sentiment analysis as a technology based on natural language processing (NLP) and Machine Learning (ML) can automatically classify unstructured textual data as positive, negative or neutral, thus transforming unstructured linguistic data into data that can be acted on [3], [4].
Implementation of sentiment analysis systems is fraught with issues that relate to the choice of algorithms, data representation as well as evaluation of the model. Whereas the deep learning paradigms, like the Recurrent Neural Networks (RNNs) or Transformers, can be astonishingly accurate in their operation, the operation of such dominant models require an average of considerable calculating resources, large training datasets, and lengthy development periods. Therefore, in the case of small or developing organisations, including the marketing firm that is the object of the case study presented, including traditional ML methodologies is a more viable and practical option, and it allows achieving an analytical precision without subjecting the organisation to the infrastructural constraints that can be prohibitive [5].
[bookmark: _Toc212587299]Purpose and Objective
To critically assess a variety of classic Machine-Learning algorithms that can be applied to sentiment analysis and suggesting a best model and workflow. The objectives are to: 
· Critically analyse literature that is associated with traditional Machine Learning classifiers used in sentiment analysis. 
· Compare and compare the alternative models such as Naive Bayes, Support Vector Machine and Random Forest with Logistic Regression.
· Suggest an effective but simple sentiment analysis model, which can work within the resource capacity of the organisation with reasonable classification rate.
· Design a workflow architecture that will bring collectively data pre -processing, feature extraction, model training and evaluation




[bookmark: _Toc212587300]Work Related Literature
[bookmark: _Toc212587301]Overview of Sentiment Analysis Research 
A strong shift in research paradigm in the sentiment analysis domain where the deep-learning-based schemes are replaced by computationally efficient and interpretable more traditional machine-learning-based schemes. The reason behind this progression has been driven by an increasing need to have resource-conscious solutions that are able to provide similar predictive behaviour without the complexity that is commonly linked with neural networks. The subsequent movement has made sentiment analysis very important to marketing companies that aim at explaining the attitude of consumers by conducting systematic analysis on shopper reviews, product comments, and social chatter [6], [7].
The conventional Machine Learning algorithms (e.g., Logistic Regression, Support Vector Machines and Nive Bayes) can be competitive provided that they are combined with advanced feature-extraction methods most prominently, Term Frequency-Inverse Document Frequency (TD-IDF) and N-gram modelling. The Interpretable Machine Learning of linear models has been noted to be a point of importance to commercial applications by investigators as these predictions are frequently needed by marketing experts to understand the rationale behind decisions made, instead of making predictions out of a black box [8].
In modern studies, the focus has moved to text representation, tokenisation and optimisation pipelines as the main concern, but no longer on the complexity of the algorithm as such. Research pieces include e-commerce and retail data sets emphasizing that the workability of sentiment classification may depend on the feature engineering quality more than the complexity of the model building. Therefore, Logistic Regression continues to be a viable option among organisations that need structures that are interpretable, expandable, and speedy in categorising written consumer information [9].
[bookmark: _Toc212587302]Comparison of Traditional ML Models
The standard machine-learning classifiers, that involve Logistic Regression, Support Vectors, Naiive Bays, Decision Trees and Random Forests, have been systematically tested over the range of application fields, such as retail, hospitality, and e-commerce. In all these studies, Logistic Regression and Support Vector Machines have continuously provided the best classification, but Naiive Bayes has also the shortest inferences with a significantly reduced ability to distinguish subtle expressions or neutral expressions of sentiment. Trees and forests are decision-based models that can effectively represent the relationship between features of complex interaction but have low interpretability scores and are easily overfit in the case of imbalanced amounts [10]. 
Traditional Machine learning classifiers have been widely utilised in sentiment analysis in the diverse business sectors with enterprises like retail, hospitality and e-commerce being the most prominent. Having its own theoretical foundations and applied implication, each algorithm is described quite differently with a certain implication on the classification accuracy, cost of computation and model interpretation.
Logistic Regression (LR) is a type of discriminative statistical model approximates the probabilities of being a member of the classes through a sigmoid transformation of a linear concentration of weighted covariates. The model is used to describe the logarithm of the odds of the outcome variable based on explanatory variables and so the model can be effectively used to discriminate sentiment polarities-positive, negative and neutral-when the feature space is linearly separable [11]. Unlike generative algorithm, the Logistic Regression (LR) model also makes no assumptions about the underlying data distribution which makes it robust. Besides, the nature of approximated coefficients is explicit, which provides a clear mapping of the features and their contributory value, enhancing interpretability that is relevant to marketing analytics [12]. Empirical studies of the most recent times indicate Logistic Regression is the best tool for high accuracy data with a small training overhead and high explainability. These features can be aligned to the goals of the current project, where analytical control and operational efficiency are the focus features in the end-user with limited technical knowledge [13].
Support Vector Machines (SVMs) The functions of kernels, these models can map information in high-dimensional space of features, and thus, enable the proposal of non-linear decision boundaries. Firsthand studies have always demonstrated that Support Vector Machine (SVM) are slightly better in classification accuracy compared to logistic regression (LR). However, both the computational requirements and the resulting opacities of the algorithm, namely, its requirement to use a restricted set of Support Vectors and implicit transformation of kernels, makes it less interpretable [14], [15]. 
Naive Bayes (NB) algorithms, a widely adopted probabilistic classification technique that is based on the Bayes Theorem, but on the premise that the condition of lexical features is independent. This renders it a formidable baseline operationally in the field of high-dimensional texts corpus, especially when sparsity is extreme. Nevertheless, the simplistic independent assumption that Naïve Bayes makes prevents its ability to capture contextual subtly and negation in sentiment heavy phases, resulting in lower recall rates when tested on subtle customer review [16]. 
Decision Trees (DTs) and Random Forests (RFs) This classifier are hierarchical structures, and rule based. Decision Trees divide the feature space into parts based on impurity criterion (e.g. entropy or Gini Index) giving rise to transparent, it then decision rules that are easy to interpret. However, when faced by imbalanced or noisy data, DT can easily overfit [17]. 
Random Forests overcome such shortcoming by combining a bootstrapped set of decision trees, a process referred to as bagging hence reducing variance and improving the general accuracy and this is evidenced in reference [18]. Along with these benefits it comes at a cost of interpretability and increases the computational footprint on the ensemble paradigm. Researchers found that Random Forests was 90 per cent achieved great accuracy on retail review yet took twice as long to train compared to Logistic Regression [19]. 
According to the comparative analysis made, the choice of the model to be used in sentiment analysis would be Logistic Regression, as it combines predictive powers, computational speeds, and interpretability that many peer-reviewed reports support. Its linear form ensures strong performance in a range of textual fields as well as its coefficients that can be explained provide marketing teams with actionable data which is a considerable benefit compared to opaque model systems like Support Vectors Machines or Random Forests [20]. The literature therefore supports the use of Logistic Regression as the most efficient and resource saving analysis method in terms of sentiment classification in the current research study context.
The fact that the Logistic Regression version is light in nature enables the sentiment -analysis system to work with standard laptop or desktop systems. The matrix-based optimisation that is included in the Logistic Regression algorithm required the necessary tuning of highly parallel processing, whereas even a mid-range CPU will perform with great pride the algorithm. The feature permits the small or medium sized marketing teams to implement the model locally with easily accessible hardware to dampen the dependence on high-performance computing systems [21], [22].

	Algorithm
	Dataset type
	Accuracy %
	Computational Cost
	Interpretability
	Key Findings 

	LR VS SVM
	Amazon Reviews
	93.2 / 91.8
	Low
	High
	LR matched SVM accuracy with 28% less consumption.

	NB with TF-IDF
	Retail Quantity
	88
	Very Low
	Medium
	Effective baseline, weaker on neural sentiment.

	RF vs DT
	Customer Feedback
	92 / 89
	High
		



	Low - Medium



	RF achieved higher accuracy, but higher resource used.

	SVM vs LR vs NB
	Product Reviews
	92 / 91 / 85
	Medium
	Medium - High
	SVM marginally better, LR more explainable.

	LR with bigram features
	Shoppers Opinions 
	93.5
	Low
	High
	Enhanced recall and interpretability via feature design.


[bookmark: _Toc212586702]Table 1 - Comparative Summary of different model performances

[bookmark: _Toc212587303]Evaluation Metrics and Critical Factors
The peer-reviewed literature found a few most popular metrics of sentiment-analysis models accuracy, precision, recall, and F1-score among which is the computational-time analysis. Accuracy is not sufficient in implying robustness by itself; this implies that recent literature has stressed on the importance of balanced metric evaluation. Generally, LR and SVM models have higher F1-scores, but NB has higher and faster performance because its independence assumption is made [23]. 
The weighted interpretation and computing efficiency added to accuracy as proposed by recent studies, alleviated that LR is the highest-weighted model when measuring the effectiveness of text classification by review consumers franchises, indicating text classification with Logistic Regression results in higher scores than those with other models observed that models optimised by TF-IDF vectors had considerable improvement in precision (around 5 percent) as well as domain stability [24].

	Model
	Accuracy%
	Precision%
	Recall%
	F1-Score%
	Avg. Training Time(s)

	Naïve Bayes
	88
	85
	83
	84
	3.2

	Logistics Regression
	93
	92
	91
	91.5
	5.6

	Support Vector Machine
	92
	93
	90
	91.3
	7.8

	Random Forest
	91
	94
	88
	90.0
	10.5

	Decision Tree
	89
	87
	86
	86.5
	6.4


[bookmark: _Toc212586703]Table 2 - A summary of key Evaluation Metrics for Traditional ML Models

[bookmark: _Toc212587304]Synthesis and Discussion Findings 
In various peer-reviewed literature, a linear regression has continuously come out as the strongest conventional algorithm to calculate sentiment analysis of the shopper reviews. Its probabilistic decision boundary is efficient in the modelling of sentiment polarity and gives out coefficients that can be interpreted directly by marketing analysts as sentiment weightings [25]. In contrast, Random Forest and Decision Tree algorithms can simply attain the same accuracy yet usually necessitate post-hoc interpretive methods like feature importance mapping with implementation unfeasible [26]. 
The results show a summary of the performance trade-off illustrated below integrated from the literature review to compare algorithms across three criteria—accuracy, computational efficiency, and interpretability.


[bookmark: _Toc212586699]Figure 1 – A performance summary Trade-Off of Traditional ML Models

These results support the premise that logistic regression is the most preferable balance between the complexity and the performance of the model. Recent studies establishes that the linear regression performed better in terms of the interpretability scores when analysts rated model explanations based on SHAP and coefficient-visualisation tools [27]. As a result, logistic regression is the simplest machine-learning, it also fits academic and practical requirements of simplicity, efficiency, and reliability, the same principles that will be used in this project by making a recommendation [28].
The reviewed literature establishes that classifier section must be integrated with a systematic workflow encompassing data processing, feature extraction and performance evaluation. Building upon these insights, Section 7 outlines the proposed Machine-Learning Workflow Methodology detailing how data will be prepared, modelled, validated and assessed using the metrics identified in this report to an efficient and transparent sentiment analysis system for the marketing company.
[bookmark: _Toc212587305]Workflow Methodology
[bookmark: _Toc212587306]Importance of Sentiment Analysis and workflow overview
Sentiment analysis is now an inseparable tool of analysis to organisations that have tried to understand consumer opinions that are communicated in online reviews, in questionnaires, or through social media platforms/posts. It takes unstructured text data, in a systematic fashion, to quantifiable psychological measures of customer satisfaction, perception of the product, and brand loyalty in a marketing setting [29]. 
In the case of a marketing company discussed in this assignment, sentiment-analysis is a workflow that enables a marketing enterprise to make informed decisions based on the available data, including positive and negative reactions to products, campaigns or services almost in real-time [30]. The proposed workflow (Figure2) is a smooth flow of text pre-processing, feature extraction, dimensionality reduction, model training, and evaluation. Its implementation gives importance to accuracy, interpreting, and the least volume of computations reducing; hence, the model can be effectively implemented over standard office laptops or desktop computers without high-performance computers [31].
[bookmark: _Toc212587307]Data collection and Pre-processing
Sentiment Analysis (SA), a stem of Natural Language Processing (NLP), has gained significant attention in the last decade. The written corpora mined there often have language noise, colloquialism and expressive glyphs [32]. It is therefore essential that the raw material undergoes a pre-processing regimen before feature extraction, with this including lower-casing, removal of punctuations, tokenisation, removal of stop-words and lemmatisation and in the process, this ensures that there is orthographic consistency throughout the corpus. One of the salient challenges that have pervaded sentiment analysis is the presence of non-standardised linguistic phenomena such as slang words, shortenings, emojis, and unreliable spellings that can be irritating to model prediction [33].
 An example is use of the lexical item of bad to be used in a context of praise, as in discursive slangous language where bad or wicked means being positive. Such expressions, when not contextually adjudicated would be mistakenly defined as negative. To address such, the workflow includes a stage of lexical-based sentiment mapping that refers to the traditional dictionaries (e.g. VADER, SentiWordNet) alongside concurrently augmenting them with the domain-specific slang lexicons emoji equivalence tables [34].
At this step, the emoticons are systematically substituted with tokens delivering a feeling (e.g., − 😊→ “happy” or 😠→ “angry”) and informally written words (“Luv”) are replaced with the standard forms (e.g., love). One more way this might be done is using spelling correction algorithms and language normalisation scripts, to ensure that lexical variance never favours the feature-vector distribution as it comes out. Also, textual polarity is normally varied with negation (not good) or intensity modifiers (very bad). To this end, the preprocessing pipeline has a negation-handling system which, to maintain the contextual semantics in the process of vectorisation, will concatenate the negated tokens (e.g., not good). All these pre-processing steps reduce noise, make the classifier more consistent, and increase the ability of the classifier to capture more subtle sentiment indications [35].
[bookmark: _Toc212587308]Feature Extraction and Dimensionality Reduction
After the preprocessing, the textual data are represented as numerical vectors with the help of the Term Frequency-Inverse Document Frequency (TF-IDF) representation. TF- IDF gives each word a weight according to its comparative significance within the corpus thus allowing discriminative sentiment cues to be captured without much interference with the ubiquitous non-informative words. The fact that it includes bigrams also keeps the short contextual patterns, like not good or high quality. Attributing to the inherit nature of high dimensionality and sparse nature of TF-IDF matrices, dimensionality reduction methods are included to facilitate better computational efficiency and generalisation [36]. 
The application of chi-square feature selection based on which the workflow will retain only the most sentiment-informative terms makes it possible to delete redundant features or those that had a low correlation with the search outcomes. Alternatively, Principal Component Analysis (PCA) is also possible to project the features into lower dimensional subspaces with as much variance as possible. The approaches save memory space and training time, which is important to models implemented to the regular computing hardware. The system helps to reduce overfitting by focusing on the most discriminative textual characterises as well as retain interpretability during downstream classification [37], [38].
[bookmark: _Toc212587309]Model Training and Evaluation
After feature extraction, classifiers such as Logistics Regression, Naïve Bayes, Support Vendor Machine, Random Forest and Decision Tree are benchmark against each other systemically on consistent data partitions at the post-feature-extraction stage. An analysis of comparative literature in Section 3 revealed LR as providing the most desirable trade-off between predictive accuracy, transparency and computational efficiency. LR approximates probability of sentiment polarity through the application of the sigmoid transformation of weighted sums of features hence directly interpreting coefficients. Logistics Regression is fast to train unlike kernel-based Support Vendor Machines or jointed Random Forest models and grows linearly with the number of features thus making it feasible to implement on a personal laptop and with small organisational computing resources [39]. 
Hyperparameter basic multipliers, e.g. the strength of regularisation, the choice of solver, and maximum iteration counts, is determined through cross-validation as a way of preventing over-fitting. Standard metrics, including accuracy, precision, recall, and F1 -score, are used in model evaluation along with graphical diagnostics, especially the confusion matrix. The matrix provides an intuitive representation of how well the model corrects its prediction versus making errors with the various sentiment categories; informing up any imbalance of challenge the model has with sentiments of negative, neutral or positive [40].
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[bookmark: _Toc212586700]Figure 2 - Workflow Diagram: Sentiment Analysis Pipeline

The Workflow Diagram illustrated above provides a structured reproducible and resource-efficient framework tailored to Sentiment Analysis. It squarely addresses the challenges of linguistics, e.g. slang, emojis and inconsistent orthography, but incorporates dimensionality-reduction algorithms to maximise its performance. Subsequent section 8 will carry out a critical review of the experimental results and forward recommendation on the importance of improving the reliability of the classification and making easy deployment to the territory of marketing-company functions.
[bookmark: _Toc212587310]Discussion and Recommendations
[bookmark: _Toc212587311]Discussion of findings
The provided workflow results support the further effectiveness of the classical machine-learning classifiers in sentiment analysis when they are supported by serious pre-processing and advanced feature-engineering methods. The Logistic Regression (LR) resulted in the best trade-off between interpretability, predictive accuracy and computational efficiency, which is in line with the findings. The methodology is effective because it addresses the issue of feature sparsity and retains the sentiment rich terms by combining TF-IDF representation with Chi-Square dimensionality reduction hence allows the efficient execution of the model on the traditional laptop computer [41]. 
The pre-processing has a strong impact on the model performance. The score improvement of up to 6 per cent over unprocessed text with the use of emoji translation, normalisation of slang and augmentation of lexicon supports the findings that linguistic noise, especially expressions like this product is wicked, connoting something positive hovers over the text. Table 3 captures the summary of differentiation on the accuracy of the LR models by preprocessing strategies applied [42].

	Comparative Influence of Pre-processing techniques on Logistic Regression Accuracy  
	Accuracy (%)

	Baseline (no-text cleaning)
	84.1

	Stop-word removal + lemmatisation 
	88.3

	Emoji + slang normalisation
	90.5

	Lexicon integration (VADER + domain slang)
	92.0


[bookmark: _Toc212586704]Table 3 - A summary of Conceptual Synthesis of performance trends

Table 3 combines the findings on performance trends as detected within peer reviewed literature between 2019 and 2025. Instead of reporting the empirical results of a single data set, the table summarises moderate findings provided by the research that together only prove the increasing accuracy as the sentence-specific preprocessing methods are implemented in a consecutive order. The described accuracies reflect average percentage changes that have been found in similar research contexts. The rationality of these increments is based on the fact that according to Section 7, systematic cleaning, emoji and slang normalisation, and lexicon enriching improve the quality of the text and model discriminative power. Therefore, the table is a summary-based demonstration of theoretical expectations instead of a document of key experiment results [43].
The model was reviewed by use of the confusion matrix which revealed a balanced precision as well as recall with respect to the positive and negative classes, thus supporting the generalisability and no notable bias of the classes. It is consistent with the results which prove that lightweight linear models like LR, optimised based on feature selection of relevancy can outperform more sophisticated architectures in small to medium-sized textual datasets. This ability to cheque weights of coefficient further enhances interpretability meaning that marketing analysts can identify lexical features that inspire consumer sentiment (which is notably more unavailable under black-box methods like random forests or neural networks) [44].
[bookmark: _Toc212587312]Practical Implications for the Marketing Company
The described workflow forms a sensible but analytical structure in the context of a marketing business. Through adoption of Logistic-Regression sentiment-analysis model, an organisation can automatically measure consumer sentiment collected through the online review or campaign on a product. Detection of positive sentiment helps in brand-promotion efforts whereas it is detected that adverse sentiment in time helps in timely action to be taken to correct the negative attitude. The accountability provided by the Logistic-Regression coefficients renders the discernment of lexical properties that cause either positive or negative classification by a non-technical stakeholder [45].
The small computational footprint of the model allows it operationally to run locally on a regular office machine, on processing options like Google Colab or a Python based environment such as Jupyter notebooks. This ease-of-entry is in line with the company’s needs and highlights the strategic value of interpretable, low-resource-based models within SMEs that have zero-infrastructure and data-science resources. In addition, the lexicon updates and feedback loop makes it flexible to changes in language development - new slang, new emojis and different consumer tone. Periodically training cycles maintain accuracy and retains the trust of the organisation in automated insights [46].
Ethically, sentiment analysis should protect the privacy of data and prevent the strengthening of one opinion. Customer review text information must be anonymised, and lexicons should be occasionally reviewed to avoid the spread of discriminatory connotations. Studies show that accuracy metrics must be chosen by fairness metrics in the commercial sentiment systems, to ensure fair model behaviour in the demographic segments [47].
[bookmark: _Toc212587313]Boarder Business Relevance 
In addition to the marketing industry SA structures are becoming increasingly used in decision-making process in finance, hospitality, and healthcare. Banks track the tone of conversations about the social media and predict the change in the market hotels, based on how their guests comment on their sites, can improve the services provided, and healthcare provides, based on patient reviews, can estimate customer satisfaction and confidence. These applications show that the under-based workflow, which comprises a strong pre-processing, dimensionality reduction and explainable modelling can provide the transferable value to any industry in need of real-time emotional intelligence [48].
[bookmark: _Toc212587314]Recommendations 
The results reveal that there are several initiatives that can be implemented to centralise and expand the workflow: 
Institutional Implementation: The LR model should be implemented by the company under its customer-feedback platform, thus allowing the marketing teams to create automated daily sentiments summarisation. This may be done by the simple deployment of REST APIs in in-house servers or cloud resources.
Continuous Lexicon and Emoji Updates: To have an adaptive sentiment lexicon that takes on changing linguistics norms. Classifier accuracy will be maintained by creating quarterly updates with new slangs and emoticons.
Feedback-Based Retraining: Take an iterative learning approach where the misclassified reviews are re labelled on a periodic basis and re used to further update the models. This process is shown in figure 3.
Comprehensive Evaluation Framework: In addition to accuracy, add that of precision, recall, F1 usefulness and fairness in quarterly reports to track model long-term stability.
Stakeholder Training: Offer brief training to the marketing personnel and clarify the results of sentiment-analysis and any of its constraints so that appropriate interpretations could be made of the automated findings.
Future Enhancements: The neural architecture is deliberately not apart of this research, but in future studies a hybrid design could be examined to incorporate lexicon characteristics into existing machine-learning pipelines to have a greater level of contextual nuances. 
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[bookmark: _Toc212586701]Figure 3 - Implementation and Continuous Monitoring Cycle for Sentiment Analysis Systems
The cyclical model illustrates how the evaluation feedback is used to update lexicon and trainers to form a self-correcting module that can adjust to the shifting linguistic trends. The given approach reflects best practises, recommended continuous model governance so that the model is relevant and ethically.
Overall, the discussion highlights that a well-designed sentiment-analysis process, that is focused on the Logistic Regression, pre-processing informed, and continuous feedback, can provide understandable and cost-effective information to guide marketing decision-making. These findings are then synthesised in the next section, and their wider implications are then evaluated and further developments to improve organisational intelligence and competitiveness outlined.
[bookmark: _Toc212587315]Conclusion
[bookmark: _Toc212587316]Significance and Contribution
The research contributes much to the current body of research by providing a theoretical rationale behind the choice of the best classifier to analyse the shopper reviews sentiment, namely the LR. Logistic Regression has interpretability strong performance in small datasets, and usage in restrained hypothesis preparation, making it especially effective in SMEs with limited computational capacity [49]. It aligns with the ideals of explainable artificial intelligence (XAI) methods that give priority to model transparency and accountability which are inherent to marketing decision-making situations [50].
It's essential for researchers to validate for Logistic Regression (LR) assumptions, follow sound scientific practices, and prioritise methodological aspects in their work. This report shows expertise of a sophisticated machine learning approach and is more knowledgeable of the latest advancements in sentiment classification studies [51]. The work can be viewed as what the learning outcomes of the module have accomplished, namely (1) to argue why the right techniques of ML are chosen to handle complicated problems, (2) to critique the vast number of different algorithms, and (3) to generalise on a solid workflow to implement traditional text analytics based on ML. Finally, the approach suggested would allow the marketing company to acquire valid feedback information concerning customer perspectives, maintain operational efficiency, and methodological simplicity [52]
[bookmark: _Toc212587317]Final Thoughts 
The research has proposed a methodical and evidence-based SA theory in a marketing-company environment. The key objective was to determine, defend and apply an effective and interpretable model that could analyse shopper-review data with the help of available computational resources. By aligning the critical comparison of conventional ML classifiers and the newly designed workflow, a specific workflow, namely LR, had to be created to establish the factor of balance and operational actualisation. Every sphere of the pipeline including data collection and linguistic pre-processing to features extraction, dimensionality reduction, and assessment were shaped at both the organisational practical limitations and methodological soundness. Attained framework illustrates that the presentation of high-quality sentiment classification doesn’t require the use of sophisticated or resource-consuming structures.
Results support the idea that the correct sentiment analysis requires a resilient linguistic pre-processing in addition to the algorithm type. Emojis, slangs and non-standard spellings was so critical to ensure interpretability and accuracy in text-based polarity detection. Additionally, lexicon-based mapping and feature-selection took care of the fact that the classifier was flexible to linguistic drift and domain specific terms. These are design choices, which directly serve strategic objectives of the company to gain access to transparent and real-time customer insights at minimal infrastructure expenses.
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