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Abstract 
As the technology advanced, customer experience analytics took on a new role with the incorporation of sentiment analysis tools that help organizations identify opinions, attitudes, and sentimental expressions used in text form. As the number of customer interactions using chat platforms, email inquiries, customer service websites, and other forms of communication continues to rise, the need to accurately carry out sentiment analysis tasks cannot be overemphasized. Various machine and deep learning algorithms have proved useful in conducting sentiment analysis tasks; the results of these analyses have shown significant variability based on the nature of the datasets used.
This analysis assesses the performance of a group of supervised machine learning models on the Customer_Complaints_Sentiment benchmark dataset retrieved from the Kaggle platform and the organization (National Center for Non-Profit Sector) retrieved from an organizational customer service setting. Both datasets contain various customer expressions encompassing customer satisfaction, dissatisfaction, and neutrality. The preprocessing module contains text preprocessing techniques that incorporate Python code focusing on text cleaning, normalization, tokenization, and lemmatization. Additionally, the module incorporates the enhancement of meaning through the WordNet library. Both datasets contain positive, negative, and neutral classifications that enable the distribution of sentiment analysis.
A total of seven supervised models were considered for analysis in this study. These models include Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), K-Nearest Neighbors (KNN), Latent Class Topic Model (LCTM), Gated Recurrent Unit (GRU), and BERT. All these models were trained and tested based on various performance metrics that take into account their accuracy, precision, recall, and F1 measure. As indicated by the experimental results, deep learning models and transformer models outperform other models with higher accuracies regarding the context of customer reviews.
The results of this study help address the knowledge gap regarding the comparison of the different algorithms with respect to various datasets and therefore apply to the topic of sentiment analysis algorithms used in organizational settings. This study could help organizations looking to improve customer experience analysis with better algorithms that identify sentiment accurately.
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Chapter 1 Introduction 
Sentiment analysis has emerged as a highly pertinent field of study under natural language processing (NLP), owing to the growing usage of user-contributed content on the Internet. Given the increased consumption of text-based feedback by organizations to assess consumer satisfaction levels, sentiment analysis makes it feasible to identify opinions and emotive pointers within text. Organizations across different business segments are dependent on this feature of text analysis to improve their respective operations. Given the never-ending growth of communication platforms like email communication, chat forums, surveys, and custom-service websites, the relevance of customer sentiment analysis has peaked.
Despite the progress made using machine learning and deep learning algorithms, the tasks of sentiment analysis using authentic customer feedback prove challenging. This is because customer opinions tend to differ on the levels of clarity, tone, writing patterns, and grammatical structures used while expressing them. This makes it more challenging for conventional algorithms used by companies to assess the customer’s sentiment accurately. Organizations usually come across customer dissatisfaction when the customer reviews their services through an official complaint system or after submission of a service request. This makes the process of conducting sentiment analysis performed periodically ineffective.
Recent works have investigated the application of more advanced deep learning techniques with transformer architectures that could potentially enhance the levels of sentiment classification accuracy. The works have managed to produce positive results with the ability of the models to effectively capture the context with the goal of enhancing prediction results. Still, there’s a need to analyze the performance of various machine and deep learning methods on different publicly available datasets as well as the organizational datasets.
This study deals with the application of various machine and deep learning algorithms on the problem of customer sentiment at a generic company’s customer care organization using the publicly available benchmarking datasets and the newly generated NCNP datasets. This chapter will introduce the problem definition of the study, the study aims and objectives, the expected contributions of the study, and the thesis structure.


1.1 Problem Definition 
Organizations often face difficulties in understanding customer sentiment accurately and in a timely manner. In many cases, companies only become aware of customer dissatisfaction after complaints or service tickets are formally submitted, meaning the feedback is already delayed and the issue has escalated. Although organizations collect large amounts of textual feedback from different communication channels, sentiment insights are typically generated during scheduled reporting cycles rather than at the time of interaction. This reactive approach limits the ability to monitor sentiment trends continuously and complicates efforts to improve service quality.
Additionally, customer feedback data is highly unstructured, varies in tone and writing style, and frequently contains ambiguous or subjective expressions. These characteristics make it difficult for conventional analytical methods to extract sentiment reliably. As a result, organizations require more robust and efficient sentiment classification models that can handle diverse textual inputs and improve the accuracy of sentiment detection.
Thus, the central problem addressed in this study is the challenge organizations face in accurately analyzing customer sentiment from diverse, real-world textual feedback using traditional methods. Enhancing classification performance through machine learning and deep learning techniques can support organizations in better understanding customer experiences and improving decision-making processes.


1.2 Thesis Objectives 
The main objectives of this thesis are:
1. To design and implement a comprehensive NLP preprocessing pipeline capable of cleaning, normalizing, tokenizing, and lemmatizing customer textual feedback using Python and linguistic resources such as WordNet, ensuring high-quality text representation for model training.
2. To evaluate and compare a diverse set of machine learning and deep learning models—including Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), K-Nearest Neighbors (KNN), Latent Class Topic Model (LCTM), Gated Recurrent Unit (GRU), and BERT—using two different datasets:
· a public benchmark dataset (Customer_Complaints_Sentiment), and
· NCNP dataset collected from real customer service interactions.
3. To evaluate the performance of all models using standard evaluation metrics such as Accuracy, Precision, Recall, and F1-score in order to measure predictive reliability across heterogeneous data sources.
4. To compare the interpretability and effectiveness of each model and identify the most suitable sentiment classification technique for real-world customer feedback environments.
5. To establish a structured analytical framework that can guide future sentiment analysis research and support organizations in improving their customer experience strategies through enhanced sentiment detection capabilities.
1.3 Thesis Contribution 
This thesis makes several major contributions to the area of sentiment analysis and customer experience analytics. First of all, this thesis brings together a complete comparative study of various traditional machine learning techniques and deep learning models/transformers used for the purpose of sentiment analysis. By evaluating various techniques like Logistic Regression, Decision Tree, Random Forest, KNN, LCTM, GRU, and BERT on customer feedback datasets, this thesis offers an insightful knowledge on how these techniques tend to perform on practical customer experience datasets.
Second, the proposed study offers a dual-dataset experimental approach that brings together a common publicly used benchmarking dataset (Customer_Complaints_Sentiment) with the NCNP dual-dataset study’s organizational customer-service engagement dataset. The dual-dataset approach taken here allows a more practical evaluation regarding the performance of the given models and underlines the potential capabilities of the models on real-life settings outside of university datasets.
Thirdly, the thesis proposes a preprocessing pipeline specific to NLP tasks that deals with customer feedback text. This step improves the quality of the text and prevents biases that may result due to different text structures being fed into different models during the experimental analysis.
Fourth, the research points out the best classification algorithms used for sentiment identification of customer reviews. By conducting rigorous comparison analyses on the metrics of accuracy rate, precision rate, recall rate, and F1 value, the study draws attention on the pros and cons of every proposed algorithm.
Finally, the thesis offers practical analytical advice on how organizations can improve their customer experience strategies. By illustrating the potential of machine learning and deep learning models to better analyze customer sentiment, the thesis enables organizations to make well-informed decisions and construct more reliable customer sentiment analysis systems. 
 
 
1.4 Thesis Organization 
This thesis is organized into six chapters, each addressing a core component of the research framework.
Chapter 1 presents the introduction, outlines the problem definition, states the research objectives, highlights the contributions, and provides an overview of the thesis structure.
Chapter 2 reviews the related literature on sentiment analysis, covering machine learning, deep learning, and transformer-based methods. It also summarizes prior empirical findings and identifies existing research gaps that motivate this study.
Chapter 3 details the research methodology, including the datasets used, data collection process, preprocessing pipeline, feature engineering techniques, and the configuration of the machine learning, deep learning, and transformer models. The evaluation metrics are also described in this chapter.
Chapter 4 introduces the proposed approach and conceptual system workflow. It explains the rationale behind the selected modeling strategies and describes the overall sentiment classification architecture.
Chapter 5 presents the experimental results and provides a comparative analysis of model performance across both datasets. It includes performance metrics, confusion matrices, feature interpretation, and a discussion of key findings.
Chapter 6 concludes the thesis, summarizes the major outcomes, and highlights areas for future research, including potential extensions for more advanced sentiment analysis applications.


 










Chapter 2 Related Work 
Sentiment analysis has become an essential component of modern customer analytics, particularly with the increasing dependence on user-generated content across platforms such as Amazon, Twitter, airline review portals, and e-commerce websites(Hossain et al., 2025). The growing volume of online reviews has motivated researchers to explore machine learning, deep learning, and transformer-based techniques to improve the accuracy of sentiment classification(Rafiq et al., 2025). This section provides an overview of significant prior studies, highlighting their datasets, data sources, methodologies, and key findings, while identifying research gaps relevant to customer feedback interpretation.

This study introduced a large-scale Arabic Twitter corpus consisting of 40,000 labeled tweets spanning multiple domains. The authors applied three deep learning architectures—CNN, LSTM, and RCNN—using word embeddings to perform sentiment classification. The experiments showed that LSTM consistently outperformed the other models with an accuracy of 81.31%, while CNN and RCNN achieved lower performance. The paper further demonstrated that dataset augmentation improved LSTM performance significantly, reaching 88.05%. The study highlights the challenges of Arabic morphology and dialects and emphasizes the need for larger high-quality corpora. Overall, it provides an early benchmark for Arabic sentiment analysis using deep learning(Mohammed & Kora, 2019).

This study  (Patel et al., 2022) authored by Patel, Oza, and Agrawal, evaluated airline customer reviews using Method: Machine Learning models (Logistic Regression, KNN, SVM, Decision Tree, Random Forest, Adaboost) compared with the BERT transformer model. The researchers used the Dataset: Airline Reviews Dataset, which contains labeled passenger feedback. The experimental results showed that Final Output: BERT achieved the highest accuracy at 83%, surpassing all ML methods, with a precision of 0.78–0.85, recall of 0.77–0.96, and F1-score reaching 0.90—the strongest overall performance. Classical models performed notably lower, where Logistic Regression and SVM achieved only 65% accuracy, while the best ML baseline, Random Forest, reached 77% accuracy with an F1-score of 0.86. The authors highlighted a Gap: traditional ML struggled with contextual nuance, whereas BERT demonstrated superior handling of semantic variability in customer sentiment. (Patel et al., 2022)


This study (Mohammad Salloum & MAZEN Almustafa, 2023) authored by Ali Mohammad Salloum and Muhammad Mazen Almustafa, analyzed Arabic product reviews collected from Amazon using Method: Machine Learning models (SVM, KNN, Random Forest, Decision Tree, Logistic Regression) and Deep Learning approaches (CNN, LSTM, BiLSTM). The researchers constructed the Dataset: 66,666 Arabic reviews, balanced equally between positive and negative classes after removing ambiguous entries. Experimental evaluation showed that Final Output: the BiLSTM model achieved the best overall performance with an F1-score of 87%, surpassing traditional ML algorithms, where the best ML model (SVM with RBF kernel) scored 82.5% F1. Other ML models such as KNN and Decision Tree produced significantly lower results (54.8% and 73.1%). The study identified a Gap: challenges in handling Arabic morphological complexity and dialect variation, emphasizing the need for richer, domain-diverse datasets to enhance model generalization. (Mohammad Salloum & MAZEN Almustafa, 2023)

In this work (Alsemaree et al., 2024)Alsemaree and colleagues explored sentiment patterns within Arabic Twitter posts by applying Method: a range of Machine Learning techniques, including SVM, KNN, Decision Tree, Random Forest, and a meta-ensemble voting classifier. The authors constructed the Dataset: a manually annotated corpus of 10,646 tweets, balanced across positive, negative, and neutral classes. Their experiments demonstrated that Final Output: SVM yielded strong baseline performance with 95% accuracy, while the Hard Voting ensemble slightly surpassed it at 95.95%, marking the best-performing configuration in the study. Additional findings showed that combining TF-IDF and MRMR feature selection led to consistent improvements across all tested models. A notable Gap identified by the authors is the scarcity of domain-focused Arabic datasets and the continued difficulty of managing informal dialects, slang, and noise prevalent in social media text. (Alsemaree et al., 2024)

The study that published by Authors: Hani Almaqtari, Feng Zeng, and Ammar Mohammed introduced an advanced hybrid architecture for Arabic sentiment analysis by integrating AraBERT embeddings, a Multi-Channel CNN, and a Bi-GRU, forming the proposed Arb-MCNN-Bi model. The researchers evaluated their method using three large Arabic datasets—ACRD (52,300 Amazon consumer reviews), HARD (93,700 hotel reviews), and LABR (63,000 book reviews)—each containing diverse dialects and balanced sentiment labels. The Method compared transformer-based modeling with classical ML and DL approaches such as TF-IDF, n-gram, Word2Vec, and fastText. The Final Output showed the proposed hybrid model achieving 96.92% (ACRD), 96.68% (HARD), and 92.93% (LABR), significantly outperforming all baselines. The authors identified a Gap: despite high performance, existing models still struggle with deep contextual variance and morphology-driven ambiguity in Arabic, highlighting the need for richer preprocessing and dialect-specific transformer training.
(Almaqtari et al., 2024)

In this research (Sorour et al., 2024) Authors: Hossain, Chawla, and Rege introduced a hybrid sentiment-classification architecture designed to enhance consistency and accuracy across diverse customer-review sources. The study combined Method: a fusion of CNN and Bi-LSTM layers integrated with word-embedding representations, forming a hybrid deep learning model optimized for contextual and sequential feature learning. The authors worked with a Dataset: multi-domain review corpus containing product, airline, and service-related feedback, all preprocessed and manually labeled into sentiment classes. Experimental evaluation showed that the Final Output: hybrid CNN–BiLSTM achieved higher accuracy than standalone CNN or LSTM models, demonstrating improved stability across domains. The study also noted that the hybrid approach reduced fluctuations in precision and recall, particularly for ambiguous and mixed-opinion texts. A key Gap identified was the absence of larger cross-domain Arabic benchmark datasets, which limits the generalizability of hybrid architectures in real-world applications.
(Sorour et al., 2024)

In this article (Raza et al., 2024) , Authors: Mohammad Athar Raza, Numan Ali, Sadia Ramzan, Tasawar Ali, and Muhammad Usman conducted a comparative evaluation of traditional ML and DL models for binary sentiment analysis. The researchers used a Dataset: 10,000 Amazon customer reviews sampled from a larger pool of 400,000 product reviews, preprocessed through lowercasing, stop-word removal, rare-word filtering, tokenization, stemming, and spelling correction. The study evaluated Method: Naïve Bayes variants (CNB, MNB, BNB), SVM, and deep learning models GRU and LSTM to classify reviews into positive and negative categories. The Final Output showed that SVM achieved the highest ML accuracy at 81.25%, while GRU outperformed deep learning baselines with 80.61% accuracy, exceeding LSTM’s 76.26%. The authors noted that although deep learning provided better stability in textual representation, Gap: classical ML—especially SVM—offered faster, simpler solutions but failed to capture deeper contextual patterns, highlighting the need for hybrid models combining contextual embeddings with lightweight architectures. (Raza et al., 2024)

In the article published by authors: Muhammad Rafiq, Muhammad Yousaf, Yasir Aziz, Muhammad Fuzail, Ahmad Naeem, and Naeem Aslam conduct a comprehensive evaluation of deep learning models for sentiment classification of customer feedback collected from an online platform. The study applies Method: CNN, CNN-LSTM, GloVe-CNN-LSTM, and the transformer-based Electra model, comparing their performance against classical ML baselines such as SVM and Logistic Regression. The experiments rely on a Dataset: 29,700 customer feedback entries, preprocessed through normalization, token cleaning, removal of URLs and hashtags, and embedding using GloVe and CT-BERT representations. The Final Output demonstrates that Electra achieves the highest performance with 95% accuracy, 94% precision, 93% recall, and 93.5% F1-score, outperforming CNN (85%), CNN-LSTM (88%), and GloVe-CNN-LSTM (92%) across all major metrics. The authors highlight a Gap in existing literature: traditional ML models fail to capture contextual nuances and domain-specific expressions, while earlier DL architectures still struggle with mixed sentiment, slang, and ambiguous emotional cues. The study concludes that transformer-based architectures provide the most reliable solution for complex customer-generated text. (Rafiq et al., 2025)

In this study (Hossain et al., 2025), Authors: Ashbaugh and Zhang (2025) conducted a comparative evaluation of sentiment classification models using Dataset: 32,054 Amazon product reviews, where the star rating served as a proxy for sentiment. The researchers applied Method: Machine Learning models (Logistic Regression, Naïve Bayes, Random Forest) and Deep Learning models (CNN, RNN) following a complete preprocessing pipeline including tokenization, stop-word removal, stemming, and sequence embedding. Their experiments showed Final Output: Random Forest and Logistic Regression achieved the highest accuracy (99%), outperforming RNN (98%) and CNN (93%), while Naïve Bayes scored significantly lower at 84%. The authors attributed the superior ML performance to efficient feature extraction and the structured nature of Amazon reviews. However, they identified a Gap: deep learning models did not surpass classical methods, suggesting the need for richer contextual embeddings or transformer-based architectures for more nuanced datasets.
(Hossain et al., 2025)

This study (Hossain et al., 2025), conducted by Authors: Hossain, Siddique, Hosen, Jamee, Akter, Pinky, Obaid, and Khan, presents a comprehensive comparative evaluation of sentiment classification models for multi-domain consumer feedback. The researchers compiled a Dataset: large-scale user-generated reviews from e-commerce platforms, social media channels, online surveys, and discussion forums, providing a diverse linguistic environment for model benchmarking. The study employed Method: classical Machine Learning models (Random Forest, Support Vector Machine, Naïve Bayes) alongside advanced Deep Learning and Transformer-based models (BERT and GPT).
The Final Output revealed that BERT achieved the highest overall performance, attaining 92.7% accuracy and 92.7% F1-score, outperforming GPT at 91.5% accuracy, while classical ML methods such as Random Forest (88.5%) and SVM (85.2%) demonstrated lower but stable results. The authors highlighted that transformer-based architectures deliver superior contextual understanding compared to both ML and traditional DL models. The Gap identified centers around the limited availability of domain-specific annotated datasets, which restricts the robustness and scalability of sentiment systems across different business strategies.
(Hossain et al., 2025)








 
Chapter 3 Methodology
3.1 Introduction
This chapter presents the practical methodology adopted in this research. It outlines how data were collected, preprocessed, transformed, and used to train the machine learning and transformer-based models. The methodology ensures reproducibility and establishes a rigorous technical foundation for evaluating the performance of sentiment classification models on customer complaint data.

3.2 Data collection
Two datasets were used in this study:
A. Public Benchmark Dataset (Kaggle)
· Name: Customer_Complaints_Sentiment
· Records: 1,750 complaint texts
· Domain: financial product and service complaints
· Attributes: product, complaint text, sentiment label, priority
· Labels:
· 0 → neutral
· –1 → negative
This dataset provides structured, real-world complaint behavior suitable for model training.
B. National Center for Non-Profit Sector Organizational Dataset
· Source: customer service ticketing platform
· Domain: nonprofit sector services
· Type: unlabeled Arabic textual feedback
· Channels: ticketing platform
· Annotation: manually labeled according to sentiment categories
This dataset reflects real service interactions in an operational environment.

3.3 Data Preprocessing
A comprehensive preprocessing pipeline was applied to ensure text consistency, reduce noise, and enhance model accuracy. The following steps were performed sequentially:
· Data Cleaning: Removal of punctuation, numbers, HTML tags, emojis, and extra whitespace.
· Case Normalization: Conversion of all text to lowercase for uniformity.
· Stop-Word Removal: Elimination of non-informative words that do not contribute to sentiment meaning.
· Tokenization: Splitting complaint narratives into individual tokens for further processing.
· Lemmatization/Stemming: Reducing words to their base forms (e.g., “delayed/delays/delay” → “delay”).
· Label Encoding: Converting categorical sentiment labels into numerical values.
· Train–Validation Split: Stratified splitting of data into 85% training and 15% validation, preserving class distribution.

3.4 Feature Engineering
Feature engineering transforms raw text into numerical representations suitable for machine learning and deep learning models. Two complementary approaches were employed:
1. TF-IDF (Term Frequency–Inverse Document Frequency)
Used for classical machine-learning models such as Random Forest, Decision Tree, Logistic Regression and KNN.TF-IDF captures the importance of words by balancing their frequency within a complaint against their distribution across the dataset. Both unigrams and bigrams were included to represent single words and two-word combinations.
2. Contextual Word Embeddings (BERT)
For the transformer-based model, contextual embeddings were used instead of TF-IDF.
These embeddings capture the meaning of a word within its full sentence context, allowing the model to understand nuances, negation, tone, and subtle emotional cues.
This approach is especially effective for complex complaint narratives.
The combination of sparse (TF-IDF) and dense (embedding-based) representations provides a robust balance between interpretability and semantic richness.

3.5 Model Training
To evaluate comparative performance, multiple machine learning and deep learning models were trained on the preprocessed dataset. Hyperparameter optimization was conducted using GridSearchCV for classical models and learning-rate tuning for BERT.
• Random Forest (RF)
An ensemble method aggregating multiple decision trees to reduce overfitting and improve accuracy. RF handles high-dimensional data well and serves as a strong baseline.
• Decision Tree (DT)
A rule-based classifier that is highly interpretable but prone to overfitting, especially on small datasets.
• Logistic Regression (LR)
A linear probabilistic classifier suited for sentiment polarity tasks. The balanced version was used to handle class imbalance.
• K-Nearest Neighbors (KNN)
A distance-based classifier that predicts sentiment based on similar prior complaints. While simple, it becomes computationally expensive for large datasets.
• BERT (Bidirectional Encoder Representations from Transformers)
A transformer-based model fine-tuned using the asafaya/Bert-mini-Arabic architecture.
BERT analyzes text bidirectionally, capturing contextual meaning at a deep linguistic level.
Training was conducted for 4 epochs on CPU, achieving the highest F1-score after threshold adjustment.
• LSTM / GRU (Exploratory Only)
These RNN-based models were examined conceptually but not executed due to TensorFlow environment limitations. They are recommended for future experiments.


3.6 evaluation metrics
The following metrics were used:



	Description
	Metric  

	Overall correctness
	Accuracy

	Reliability of predicted sentiment
	Precision

	Ability to capture all relevant sentiment cases
	Recall

	Harmonic mean of precision and recall
	F1-score

	Distribution of correct vs incorrect classifications
	Confusion Matrix









Chapter 4 Proposed Approach 
4.1 Introduction
This chapter presents the conceptual design and workflow of the proposed sentiment classification framework. Unlike the methodology, which describes the practical steps taken, this chapter explains the theoretical design, rationale, and overall architecture of the system intended to classify customer complaint sentiment.

4.2 Problem Context and Rationale
Organizations often receive complaints only after dissatisfaction escalates, making reaction time slow and ineffective. Understanding sentiment embedded in complaint texts can help identify issues earlier and support service improvement. The proposed framework aims to provide structured, accurate sentiment classification for customer complaints across multiple service channels.

4.3 Overview of the Proposed System
The system consists of the following conceptual stages:
A. Input Layer: Receives raw complaint text from datasets or operational systems.
B. NLP Preprocessing Layer: Cleans, normalizes, tokenizes, and lemmatizes text.
C. Feature Engineering Layer
· TF–IDF for machine learning
· Contextual embeddings for BERT
D. Sentiment Classification Layer: Classifies text using trained ML or BERT models.
E. Output Layer
Generates:
· sentiment label
· probability/score
· classification explanation (for interpretable models)

4.4 system workflow diagram (conceptual)
 raw complaints
        ↓
 NLP preprocessing
        ↓
 feature engineering
        ↓
 model training and inference
        ↓
 sentiment prediction
        ↓
 reporting and analysis

4.5 Unique Contributions of the proposed approach
· Combines ML and transformer models for complaint-level sentiment analysis
· Uses both public labeled and organizational manually labeled data
· Applies contextual embeddings to enhance semantic understanding
· Designed for integration into customer service ticketing systems
· Addresses gap in literature regarding complaint-based—not review-based—sentiment analysis











 
Chapter 5 Experimental Results and Discussion 
5.1 introduction
This chapter presents the actual results obtained from training and evaluating the machine learning and transformer models on the complaint datasets. All models were trained using identical preprocessing for fair comparison.

5.2 Model Performance Results
Table 5.1 – performance summary

	Model
	Accuracy
	Precision
	Recall
	F1-score
	Remarks

	BERT (Threshold 0.45)
	0.7148
	0.4624
	0.6324
	0.5342
	Best balanced model

	Logistic Regression (Balanced)
	0.7490
	0.5152
	0.5000
	0.5075
	Best classical model

	BERT (Default)
	0.7224
	0.4684
	0.5441
	0.5034
	Strong contextual baseline

	Random Forest (Balanced)
	0.7833
	0.6667
	0.3235
	0.4356
	Highest accuracy, low recall

	Decision Tree
	0.6540
	0.3284
	0.3235
	0.3259
	Overfits easily

	KNN
	0.7338
	0.4000
	0.0588
	0.1026
	Very weak recall

	Linear SVC (Calibrated)
	0.7338
	0.3750
	0.0441
	0.0789
	Sparse representation limits performance

	Logistic Regression (Default)
	0.7414
	0.5000
	0.0147
	0.0286
	Poor recall






Model Performance Comparison
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5.3 Confusion Matrix (BERT Model)

	
	Predicted NEG
	Predicted POS

	Actual NEG
	153
	42

	Actual POS
	31
	37



The BERT model correctly classified 153 out of 195 negative complaints and 37 out of 68 positive complaints, demonstrating balanced recognition of both sentiment categories.

5.4 Interpretation of Results
· BERT (Threshold 0.45) achieved the highest F1-score, demonstrating strong contextual understanding of complaint narratives.
· Logistic Regression (balanced) delivered competitive performance while remaining computationally lightweight and interpretable.
· Random Forest (balanced) achieved the highest accuracy but showed class bias, favoring the majority (negative) class.
· Decision Tree and KNN struggled with generalization due to dataset sparsity and imbalance.
Overall, results show that transformer-based models outperform traditional classifiers in nuanced sentiment detection, while balanced logistic regression provides a practical, efficient baseline.

5.5 Important Features
(from Logistic Regression)
· Negative indicators: delay, refund, not working, issue, problem, failed, charged
· Positive indicators: resolved, helped, satisfied












 




Chapter 6 Conclusion and Future Work 
6.1 Conclusion
This research demonstrated that NLP-based sentiment classification provides valuable insights into customer dissatisfaction patterns. BERT outperformed classical models due to its contextual semantic capabilities, while Logistic Regression served as a stable, interpretable baseline. The findings highlight the potential of integrating AI-driven sentiment analysis into customer-facing platforms to enhance service quality.

6.2 Important features
The most influential linguistic indicators extracted from Logistic Regression showed that negative complaints are strongly linked to terms expressing issues and service failures, whereas positive outcomes correlate with resolution-related terms.

6.3 Future work
Future improvements may include:
· Expansion to multilingual datasets
· Deployment of advanced transformers (AraBERT, RoBERTa, XLNet)
· Real-time integration in CRM/ticketing systems
· Application of topic modeling (LDA, LCTM) to extract complaint themes
· Transition from binary to multi-emotion classification models
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Figure 3.1 (B): Model Performance Comparison (Accuracy vs F1-Score)
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