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[bookmark: _Toc212106087]Abstract
Computational identification and classification of opinions, feelings, and subjective data in textual information,[1] sentiment analysis has now become a crucial aspect of business that needs to be used to gauge the opinions of customers, enhance products, and optimize marketing practices. As the e-commerce and digital communication systems have developed at a blistering pace, consumer-generated content, in the form of product reviews, feedback and social media communications, has increased manifold thus giving a rich source of information that can be used to inform business decision-making.
In the case of less computational power, such as a smaller organization, a traditional machine learning is a viable method of sentiment analysis [2]. In comparison to deep learning models, which are resource-intensive, traditional models are cheaper, simpler to apply, and more understandable, being especially applicable in low-resource settings.
The report explores the appropriateness of different classical machine learning algorithms in analysing shopper reviews about computational efficiency, interpretability and accuracy of classification. Following the analysis of available modern methods and assessing the performance of different algorithms, it was concluded that the Logistic Regression is the most adequate option to apply in this application [3]. It is easy to use, requires minimal training, minimal memory and the model coefficients are clear and therefore it is easily applicable and can be used to give high classification accuracy.
It is also stated in the report that there is a systematic workflow with major steps of a sentiment analysis such as data collection and preprocessing, feature extraction, model selection, training, and evaluation. Accuracy, precision, recall, and F1-score are evaluation metrics that have been addressed in detail and their importance on evaluating the performance of classifiers and the problem of class imbalance.
At last, the actionable conclusions of implementing a lightweight sentiment analysis pipeline are provided in the report, accompanied by the methods of continuous improvement to ensure the accuracy and relevance of the pipeline to current and future uses of textual environments.






[bookmark: _Toc212106088]2. Introduction
The digital retailing and online services have exploded, and they provide enormous volumes of textual data on customer preferences, experience, and opinion. Social media communication, online product reviews and service feedback gives a good source of information companies can use to gain a competitive edge, improve quality of services, and adequately communicate with customers. To extract actionable information out of this information, though, one will have to employ computational tools, which can identify sentiment in text which can be deemed as positive, negative, or neutral with reasonable accuracy.
Opinion mining (sentiment analysis) is a methodological system of categorizing and approximating textual content (subjective) systematically.[4] Even though the recurrent neural networks and transformers are deep learning algorithms that have proven to be very effective in numerous natural language processing tasks, their memory and computation needs are typically highly intensive to small companies or start-ups with limited IT capabilities.
There is a feasible alternative in conventional machine learning models like Logistic Regression, Naive Bayes, Support Vector Machines, Decision Trees and Random Forests. Such models are less complex to compute, more interpretable and can be implemented in low-resource settings, which is why they are applicable when performing small-scale sentiment analysis tasks [5].
There are three objectives of this report. It will first critically analyse the classical machine learning approaches on sentiment analysis, their advantages, limitations, and the situations they can apply. Second, it introduces a hierarchical and low-resource workflow to construct a high performing sentiment analysis model, including best practices in data preprocessing, feature extraction, model selection, and evaluation. Third, it suggests the most applicable algorithm and assessment strategy to be used in a small marketing organization and guarantees a strike of predictive accuracy, interpretability, and efficiency.
Based on these purposes, the report provides viable recommendations to adopt a low cost and understandable sentiment analysis system that can be used to make informed marketing decisions,[6] improve customer insights, and make business strategies evidence based.



[bookmark: _Toc212106089]3. Related Work in the Literature
In the last 20 years, sentiment analysis has transformed into basic lexicon and rule-based methods to more sophisticated machine learning methods. First systems were mostly based on manually developed sentiment lexicons to rate words, phrases, or sentences with polarity [7][8]. Although these techniques were also intuitive and were based on light computational requirements, thereby being attractive to limited resource settings, they had severe limitations. They could not contextualize, understand sarcasm, negativity, and dynamism of human language with resulting poor accuracy in areas like social media or customer product reviews. These limitations were the reason behind switching to the more conventional machine learning algorithms, including Naive Bayes, Support Vector Machines (SVM), and the Logistic Regression, which provided better generalization and flexibility since, unlike the word lists, they learn directly using labelled data. In the context of the marketing company in this paper, which targets a low-cost and still effective sentiment classification workflow, the insight into this evolution will be the reason to suggest a conventional ML-based solution, compromising on issues of computational efficiency and enhanced contextual comprehension against the previous lexicon-based models.
Most of these limitations were overcome by machine learning techniques which allowed the models to derive sentiment pattern from data, not through a set of predefined words. The simple and effective algorithm used the most is Naive Bayes (NB). [9] NB is set to assume that the probability of any feature (typically, a word or token) does not depend on the others, which makes the process of computation and training fast and requires the use of large datasets. This assumption is, however, open to error when words are present together in sentence to create sentiment carrying structures such as not good and very bad.
Despite that, NB is a useful beginning, particularly in exploratory analysis or with limited computational capabilities. Another popular tool, which works well in high-dimensional feature space, is Support Vector Machines (SVM). SVM finds a hyperplane between sentiment classes, and the linear or radial basis function (RBF) kernels are frequently used. Although correct, the SVM training time is geometric in the quantity of the data, and interpretation is challenging since the decision line is anchored not on the straightforward feature-weight but on the intricate math of vectors, so it is not as convenient in the situation where the stakeholders are interested in the powerful words.

Decision Trees (DT) represent intuitive and hierarchical branches founded on informative features, [10] which are easy to interpret and look at and present to non-technical users. Random Forests (RF), sets of individual trees, are less susceptible to overfitting and better at generalization yet demand more computational and memory resources making them inefficient in small businesses.
Logistic Regression (LR) is a trade-off model, with the accuracy of SVM, yet can be interpreted and the calculations are inexpensive. LR approximates the probability of a text belonging to a sentiment category by a logistic function, and the coefficients of the features are simple to analyse. This openness enables marketing units to know words that are closely linked to either positive or negative experiences. Combining Lexicon-based or deep learning conditions with hybrid and ensemble models may enhance performance at the cost of complexity and this is not essential when dealing with small organizations. In general, it has been illustrated in literature that despite the availability of various algorithms to execute sentiment analysis, Logistic Regression can be efficient, robust and interpretable. It is consistent with a wide range of data, has minimal tuning and can be re-trained on new data with ease, which makes it very appropriate to use in light-weight business applications.
[bookmark: _Toc212106090]4. Workflow Methodology
To create a high-performing sentiment analysis system, it is necessary to have a structured and iterative workflow with several interdependent stages. Every procedure, such as data gathering to the final model assessment, is important in defining accuracy, interpretability, and scalability of the system. A defined workflow makes sure that the technical structure is robust, transparent, and repeatable in further improvement of the under-lying model [11]. This pipeline generally encompasses six major steps: data collection, preprocessing, feature extraction, model selection, training and validation, and evaluation, and is a complete workflow to change raw textual data into meaningful, data-driven information about user sentiment. In experience, following a systematic workflow can make sure even organizations with small computational environments can implement models that are effectively sustained over time, work with changing language and assist in making informed business decisions



.
[bookmark: _Toc212106091]4.1 Data Collection
The quality and relevance of the dataset is the basis of any sentiment analysis project. An edited dataset allows the model to acquire significant linguistic patterns that are useful representations of emotion as it occurs in the real world. Labelled examples are available in large amounts in public datasets, including IMDb movie reviews, Amazon product reviews, [12] and yelp feedback, and these can be used to perform the supervised learning.
To specialize applications such as retail, finance or hospitality, the generalization of models and the predictive accuracy of the model would be enhanced by gathering congruent reviews. Balance of classes counts one-sided datasets, where one sentiment prevails, may cause bias to the model towards that sentiment. Resampling methods like oversampling of minority classes, using less data of the majority classes, or even artificial data creation (e.g., SMOTE) can be used to address this. The augmentation of data by replacing synonyms and paraphrasing sentences, shuffling sentences and translating sentences back into the original language increases linguistic variety and can avoid overfitting. Also, closely tracking and updating datasets on a regular basis makes sure that the model keeps up with the changes in language trends, some new slangs, or other domain-specific terminology.

[bookmark: _Toc212106092]4.2 Preprocessing
Data obtained should be pre-processed to be consistent and good. Noise in raw text is usually emojis, punctuations, stop words, and inconsistency in capitalization [13]. The uniformity in the text is achieved through the lower-case and the absence of redundant characters, which are used to make text standardized. Tokenization breaks down words into tokens or text and lemmatization or stemming simplifies words to their root form, enhancing generalization. Sentiment meaning is maintained when dealing with negation (e.g. not good). Stop word removal removes words of low semantic value that are common among languages. Other preprocessing can be the process of identifying and averaging special characters, removing URLs, repeating letters, or the normalization of abbreviations. Together, these actions allow generating structured data that can be used to extract features correctly.
[bookmark: _Toc212106093]4.3 Feature Extraction
Feature extraction transforms processed text into quantifiable numbers that can be used in machine learning. TF-IDF is still the best suited to smaller-scale projects based on focusing on unique words in the corpus [14]. Semantic phrases that would be lost to single-word analysis (not good) are represented as n-grams (bigrams or trigrams). Embeddings such as Word2Vec, Glove or transformers offer a more comprehensive semantic depiction but demand a great amount of computing power and memory. TF-IDF with n-grams is the compromise between accuracy, interpretability, and efficiency in low-resource or real-time applications. Moreover, the use of feature selection methods (i.e. chi-square, mutual information, etc.) can be used to decrease the dimensionality and improve the performance even further.
[bookmark: _Toc212106094]4.4 Model Selection
The features of the system that the system learns depends on the algorithm used.[15] Logistic Regression (LR) is an algorithm that effectively works with large high-dimensional TF-IDF matrices, it gives interpretable coefficients, indicating which words have the greatest impact on sentiment prediction. SVM and Random Forests can be slightly more accurate but need more resources and are less transparent. LSTM or transformers are examples of deep learning structures that are excellent in performance but computationally expensive. LR is nevertheless the most viable choice with respect to lightweight deployment, as it has a good balance of simplicity, accuracy and transparency. Moreover, it facilitates straightforward incorporation in dashboards or web apps, allowing the end-users to engage with the model results effectively.
[bookmark: _Toc212106095]4.5 Training and Validation
Training and testing are normally divided by 80:20. Cross-validation (k=5 or 10) is a reliable way of performance, which averages the results of several folds so that the variance is minimized [16]. Hyperparameter tuning, i.e. changing the LR regularization parameter (C), compromises between bias and variance. Violating validation curves are checked by early termination and monitoring to avoid overfitting. Besides that, incremental learning techniques may also be used in the case of models trained on constantly changing data, where the system may continue to progress without a restart of training.
[bookmark: _Toc212106096]4.6 Evaluation Metrics
Accuracy, precision, recall and F1-score are used as the measures of evaluation [17]. Whereas accuracy represents the degree of overall correctness, F1-score balances between the measures of precision and recall especially in imbalanced data sets. Confusion matrices identify the error of engagement between positive, neutral, and negative sentiments. The strength of ROC curves and AUC scores also confirm strength, particularly in binary tasks. By tracking these metrics with time, one can detect the performance drift early so that one would be able to update the model accordingly.
With the use of the extended and elaborate workflow, including cautious data preparation, [18] sophisticated feature engineering, model choice, and comprehensive evaluation, the sentiment analysis system will be precise, interpretable, adaptable, and applicable in the real business environment, even in low-resource circumstances
[bookmark: _Toc212106097]5. Discussion and Algorithm Evaluation
The most appropriate classical algorithm is the Logistic Regression in resource constrained marketing scenarios where the sentiment analysis is concerned [19].  The key strengths of it are that it is simple, interpretable, and fast. In contrast to black-box models, Logistic Regression offers explicit information about the importance of features, and this is needed by business teams as they need to know which words or phrases stimulate the sentiment of the customers.
Computationally, the Logistic Regression can scale linearly with the size of data and can be trained quickly, which is even on relatively small hardware. It is effective when dealing with sparse text data in the form of TF-IDF features and requires a system of matrices and gradient-based optimization. Also, the Logistic Regression is not as overfitted when using regularization, and its performance does not change over unknown data.
Logistic Regression is competitive in terms of accuracy with more detailed classifiers. When it is trained with well-pre-processed data, based on TF-IDF features and bigrams it is possible to reach accuracy rates of over 85-90% on standard sentiment benchmarks [20]. This is why it is optimal to a small marketing company, which demands quality results without overcalculating or investing in it.
One of its strongest features has been interpretability. The weights of the terms contribution to the sentiment classification can also be represented as model coefficients, [21] which allow the reviewer to determine which words made the biggest contribution in positive and negative reviews. This interpretability will turn the model into a predictive tool into an explanatory one to enable marketing teams to act based on the insights to be gained, such as by understanding the number of common complaints or positive trends in customer responses.
In addition to that, Logistic Regression endorses continuous retraining when new data are obtained. This flexibility guarantees that the model can be applicable in the dynamic business settings where the language and customer mood are changing. Periodic updates allow keeping the performance up without having to redesign the entire pipeline.




[bookmark: _Toc212106098]5.1 Comparative Evaluation
Logistic Regression balances the trade-off when compared to other algorithms [22]. Naive Bayes, despite its speed, has the problem of the independence assumption that it cannot do well in situations where dependence between words is important. SVM is a little more precise in a few datasets, but it is less interpretable and requires less computational effort. Random Forests are stronger but still have more weight and cannot work as well with thin representations of texts. Decision Trees are visual in nature and are not well pruned, which means they are more likely to overfit. An empirical comparison between some of the most important performance metrics further proves the viability of the Logistic Regression:
	Metric

	Rating / Description

	 Accuracy
	High (85–90%)

		Training Speed
	



	Fast (linear with dataset size)

	 Interpretability
	High (transparent coefficients)

	 Resource Usage
	low

	 Ease of Deployment
	good



These properties are what make Logistic Regression the most desirable model to an interpretable, low resource sentiment analysis system to businesses.
[bookmark: _Toc212106099]5.2 Recommendations
To ensure that the sentiment analysis system is accurate and flexible, some best practices are to be adopted. The updating and retraining of the model on a regular basis are one of the most crucial ones [23]. Slangs, the names of products, and phrases that are constantly being developed constantly find their place in the review of customers. The retraining of the model with new data will keep the model in line with these changes to avoid model drift where the model’s performance gradually falls as the system stops representing the current sentiment patterns.
To ensure the appropriate predictions which are useful, it is useful to set the retreat training periodically (quarterly or biannually). It is also significant to maintain balanced datasets. The positive reviews could easily exceed the negative or neutral reviews, therefore, biasing the model to the majority class. Monitoring of classes distributions and the use of methods like oversampling underrepresented classes and under sampling overrepresented classes should be monitored by organizations. Balanced data also increases fairness by category of sentiment, providing greater generalization and consistency on new or unseen reviews.


Data augmentation also contributes to the strength of the model. Methods such as synonym replacement, paraphrasing and sentence re-ordering increase the size of the dataset with no additional manual labelling. This brings on board linguistic diversity where the same sentiment may be expressed in different ways like, very good, extremely nice and positive, they all mean the same thing.
Lastly, it is necessary to monitor the performance. The use of dashboards that monitor such metrics as accuracy, precision, recall, F1-score, and confusion matrices can identify a decline in performance or an imbalance in the classes early enough to take corrective measure. The dashboards are also transparent and have actionable insights to both non-technical and technical stakeholders.
Through systematic retraining, dataset balancing, data augmentation, and observing, the sentiment analysis model is strong, interpretable and adaptable. This provides the right information about the changing customer sentiment, which is helpful in formulating marketing strategy as well as long term business expansion.

















[bookmark: _Toc212106100]6. Conclusion
The report critically looked at conventional machine learning approaches on sentiment analysis and validated their appropriateness to small organisations with inadequate computational capabilities. It determined the Logistic Regression as the most appropriate between accuracy, interpretability, and efficiency. The suggested workflow combines the organized data gathering, effective preprocessing, TF-IDF and n-gram feature extraction, and sound assessment under the measures of the F1-score and cross-validation.
Results show that conventional ML is still useful in the sentiment classification even with the breakthrough of deep learning [24]. The Logistic Regression is highly accurate and transparent and has high maintenance and, marketing teams can deduce evidence-driven and actionable results.
In business terms, the suggested pipeline will allow utilizing data-driven marketing, evidence-based decision-making, and enhance customer satisfaction through recognizing major themes in feedback. It enables organisations real-time sentiment tracking, enables organisations to customise campaigns better and enhances the overall brand perception.
Future improvement of the model would involve the combination of the Logistic Regression with semantic or lexicon based to increase the contextual understanding and still maintain efficiency [25]. The deployment of the pipeline in automated feedback dashboards would also assist in the real-time monitoring of sentiments and the data-driven decision-making.
Overall, a properly adjusted Logistic Regression sentiment analysis pipeline can be viewed as an effective, scalable, and understandable framework to learn more about the customer sentiment and formulate sustainable business development strategy.
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[bookmark: _Toc212106102]Appendix A – Sentiment Analysis Workflow
The presented lightweight sentiment analysis pipeline is based on a series of systematized and replicable steps optimized to work well in low-resource settings. It guarantees the quality of data, optimal feature representation and interpretable model results.
Workflow Stages:
Data Collection: (Openly available) Get labelled customer reviews through Amazon, IMDb or Yelp.
Data Preprocessing: Clean and normalise text by eliminating noises, punctuations, stop words and redundant characters and keeping negations.
Feature Extraction: Use bi-gram Term Frequency-Inverse Document Frequency (TF-IDF) to learn context. phrases efficiently.
Model Selection: Choose Logistic Regression because it has good trade-offs between interpretability, cost to compute, as well as accuracy.
Training and Validation: Divide data into 80:20 and 5-fold cross-validation to assure reliability and minimize variance. Evaluation: Evaluate the performance in terms of accuracy, precision, recall and F1-score.
Figure A1 illustrates the proposed workflow pipeline.
[image: A diagram of a data processing process
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[bookmark: _Toc212106103]Appendix B – Comparative Evaluation of Traditional Algorithms

	Algorithm
	Accuracy (%)
	Interpretability
	Computational Cost
	Training Speed
	Suitability for SMEs

	Naive Bayes (NB)
	80 – 85
	Moderate
	Very Low
	Very Fast
	Good

	Support Vector Machine (SVM)
	86 – 90
	Low
	Moderate
	Slow
	Limited

	Decision Tree (DT)
	80 – 85
	High
	Low
	Moderate
	Good

	Random Forest (RF)
	87 – 91
	Moderate
	High
	Slow
	Moderate

	Logistic Regression (LR)
	85 – 90
	High
	Low
	Fast
	Excellent



[bookmark: _Toc212106104]Appendix C – Evaluation Metric Definitions
In order to assure consistency in the assessment of the models, the following standard definitions are used:
[image: ]
In which TP = True Positives, TN = True Negatives, FP = False Positives and FN = False Negatives.

[bookmark: _Toc212106105]Appendix D – Business Impact Summary
The proposed pipeline of Logistic Regression will allow making marketing decisions based on data and using evidence to make judgment because the translation of customer reviews into quantifiable data can be implemented. By means of constant retraining and performance monitoring, the organisation can monitor the emerging sentiment trends and adjust campaigns according to it, as well as increase customer satisfaction and brand perception. This is a light workflow that guarantees long-term sustainability coupled with reduced computational overhead and operational cost.
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