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Article Info ABSTRACT 

Article History: 
Sentiment analysis of e-commerce reviews is essential for understanding customer 
perceptions and supporting service and marketing decisions. However, previous SVM-

based studies often report results using only one feature representation or one tuning 

approach, which provides limited guidance on the most effective practical configuration. 

This study addresses this gap by benchmarking a linear Support Vector Machine across TF 
IDF and Word2Vec representations and comparing three hyperparameter tuning 

strategies, Grid Search, Random Search, and Optuna, on an Indonesian language dataset 

of customer product reviews. The held-out test set contains 871 reviews, while class 

imbalance in the training data is handled by applying SMOTE only on the training set, 
resulting in a balanced training set of 2902 samples. Using stratified validation with 

Accuracy, Precision, Recall, F1 score, and ROC AUC, the best configuration is TF IDF 

with Optuna-tuned linear SVM, achieving 86.68 percent accuracy, an F1 score of 0.87, and 

ROC AUC of about 0.93 to 0.94. For Word2Vec, the best result is obtained with Random 
Search, reaching 84.38 percent accuracy, an F1 score of 0.84, and an ROC AUC of about 

0.92. These findings indicate that TF-IDF is a stronger match for linear SVM in this setting, 

and that Optuna provides the most consistent gains for TF-IDF. Limitations include the use 

of binary sentiment labels and an evaluation focused on linear SVM with simple document-
level Word2Vec aggregation, so performance may differ across other domains, platforms, 

and languages. Future research will examine richer document embeddings, nonlinear and 

contextual models, multi-class or aspect-level sentiment, and broader cross-platform 

validation to improve generalizability. 
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1. INTRODUCTION 

The rapid growth of e-commerce has generated massive amounts of data, particularly customer reviews 

that capture opinions, perceptions, and satisfaction levels regarding products and services [1]. This 

information is strategically valuable for companies because it can be used to understand customer needs, 

improve service quality, and design effective marketing strategies [2]. However, customer reviews are 

unstructured text, so natural language processing (NLP) methods are required to process them for systematic 

analysis [3]. One of the most widely used machine learning algorithms for sentiment analysis is the Support 

Vector Machine (SVM). SVM is known to perform well on high-dimensional data, including text, and to 

deliver stable classification performance [4]. The algorithm constructs an optimal hyperplane that maximizes 

the margin between classes [5]. Nevertheless, SVM performance strongly depends on the quality of 

preprocessing, the feature-extraction technique, and the choice of hyperparameters [6]. 

Prior studies underscore SVM’s effectiveness for sentiment classification tasks. Study [7] reported that 

SVM with TF-IDF achieves high accuracy for classifying Tokopedia product reviews. [8] compared SVM 

and Naïve Bayes on Shopee reviews and found SVM to be more consistent. Study [9] applied Word2Vec 

with SVM on Amazon reviews and improved text representation quality compared to simple bag-of-words 

approaches. Study [10] combined SVM with Information Gain feature selection for Twitter sentiment 

analysis and obtained an accuracy above 89%. Meanwhile, [11] demonstrated that hyperparameter tuning 

using Grid Search improves SVM performance on the IMDb Movie Reviews dataset. Building on these 

findings, SVM remains competitive for sentiment analysis, yet performance can still be improved along two 

main axes: feature representation and hyperparameter optimization [12]. owever, although the literature has 

demonstrated the benefits of TF-IDF, Word2Vec, and hyperparameter tuning in various contexts, many 

studies still report using a single feature representation or a single tuning strategy, which makes it difficult to 

determine, under a consistent evaluation protocol, which combination is the most reliable and efficient for 

practical e-commerce sentiment analysis [12]. In particular, a controlled comparison that jointly evaluates 

TF-IDF versus Word2Vec and simultaneously contrasts Grid Search, Random Search, and Optuna within the 

same SVM pipeline remains limited, even though each component has been shown in prior work to affect 

performance. 

First, this study compares two feature-extraction methods: TF-IDF and Word2Vec. TF-IDF is selected 

for its simplicity and its ability to weight terms by importance with relatively low computational cost [13]. In 

addition, TF-IDF typically yields sparse, high-dimensional feature vectors, a setting where linear SVMs are 

commonly adopted because they are effective and computationally efficient for large-scale text classification 

[14]. By contrast, Word2Vec captures semantic meaning and word relationships, producing dense vector 

representations that better reflect contextual similarity in language use [15]. However, when Word2Vec is 

converted into document-level features via simple averaging, the representation may lose word-order 

information and weaken compositional meaning modeling; therefore, Word2Vec's effectiveness can depend 

on how document embeddings are constructed and on domain characteristics [16]. In this context, the present 

study positions TF-IDF and Word2Vec as two representatives yet contrasting feature paradigms and 

systematically evaluates them in the same experimental setting to clarify which representation is more 

suitable for SVM-based e-commerce review sentiment classification. 

Second, this study emphasizes hyperparameter optimization for SVMs. The commonly used Grid 

Search evaluates all parameter combinations within a predefined grid but can be computationally expensive 

[17]. As a comparison, Random Search can be more efficient because it samples parameter configurations 

randomly and often finds strong solutions with fewer evaluations, particularly when only a subset of 

hyperparameters substantially affects performance [18]. In addition, we use Optuna, a modern optimization 

framework that supports Bayesian optimization and pruning, enabling more adaptive, computationally 

efficient search by allocating fewer resources to unpromising trials [19]. Accordingly, this research focuses 

on developing an e-commerce sentiment analysis model using SVM, comparing two feature-extraction 

techniques (TF-IDF and Word2Vec) and three hyperparameter optimization methods (Grid Search, Random 

Search, and Optuna), with the objective of identifying the most effective and practically efficient 

configuration within a common evaluation pipeline. The evaluation uses Accuracy, Precision, Recall, F1-

score, and ROC-AUC to comprehensively assess model quality, and the results are expected to contribute to 

theoretical understanding of machine-learning–based sentiment modeling while providing practical benefits 

for e-commerce stakeholders by enabling a more accurate understanding of consumer perceptions. 
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2. RESEARCH METHODS 

The rapid growth of online shopping has made e-commerce reviews a valuable source of insights for 

both customers and businesses. However, the sheer volume of textual reviews requires automated sentiment 

analysis techniques that are both efficient and accurate. In this context, Support Vector Machine (SVM) 

remains one of the most reliable classifiers for text categorization, particularly when enhanced with 

appropriate preprocessing, feature extraction, and hyperparameter optimization. 

This article presents a methodological approach to improve the accuracy of e-commerce review 

sentiment analysis using a linear kernel SVM. The preprocessing consists of case folding, tokenization, 

stopword removal, and stemming. Two feature-extraction schemes are compared: TF-IDF, which is sparse 

and efficient, and Word2Vec, which is dense and semantic, to assess how representation affects SVM 

performance. Three hyperparameter-tuning strategies, Grid Search, Random Search, and Optuna, are 

evaluated separately for each feature set to obtain the best configuration. Model quality is measured using 

Accuracy, Precision, Recall, F1-score, and ROC-AUC under stratified validation. Fig. 1 details the 

methodological flow from data collection to evaluation. 

 
 

Figure 1. Methodology Flow 
 

2.1 Dataset  

The data consist of customer reviews from e-commerce platforms containing opinion text and 

sentiment labels (positive/negative). Sources may be public datasets or controlled scraping compliant with 

ethics and terms of service. Each entry includes at least a review (text) and a label (class), with initial cleaning 

such as duplicate removal, unified encoding (UTF-8), and handling missing values (dropping rows with 

null/empty reviews). To ensure a valid evaluation, the data are split into training and test sets using a stratified 

split (e.g., 80:20) to preserve class proportions. To address the imbalance that can bias the classifier, this 

study applies SMOTE [20], [21], [22]. The balanced distribution after SMOTE is shown below. 
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Figure 2. Data Balancing Using SMOTE 

 

Fig. 2 shows that after applying SMOTE, the two classes are perfectly balanced: 1 = 1,451 samples 

and 0 = 1,451 samples. SMOTE augments only the original minority class by synthesizing new examples 

through interpolation in feature space (e.g., TF-IDF or Word2Vec) between a minority sample and its nearest 

neighbor, so the added data are not duplicates. This balancing is important for a linear SVM because it reduces 

hyperplane bias toward the majority class; typical effects include higher recall on the minority class and 

improved macro-F1, though precision may decrease slightly as a trade-off [23]. For validity, SMOTE must 

be applied only to the training data (not the test set) within a pipeline alongside preprocessing and feature 

extraction to prevent data leakage, and it should not be combined with class_weight='balanced' to avoid 

double compensation. 

2.2 Experimental Environment 

The experiments were conducted on a personal computer running Windows 11. The system is equipped 

with an Intel Core i7-class processor and 16 GB of RAM, and no dedicated GPU was required because all 

models were trained on the CPU. The implementation was developed in Python version 3.10. Key libraries 

used in this study include scikit-learn version 1.3, imbalanced learn version 0.11 for SMOTE, gensim version 

4.3 for Word2Vec, Optuna version 3.5 for hyperparameter optimization, NumPy version 1.24, pandas version 

2.0, and Matplotlib version 3.7 for visualization. To ensure reproducibility, a fixed random seed was applied 

where applicable, and all experiments followed the same stratified train-test split and evaluation protocol. 

2.3 Preprocessing 

This stage prepares text to be consistent and informative for modeling [24], [25]. Steps include case 

folding (lowercasing), tokenization (splitting text into tokens/words), stopword removal (removing common 

non-informative words such as “and,” “which,” “in”), and stemming (reducing words to their root forms with 

an Indonesian stemmer). Lemmatization is not used; consistency is achieved through stemming. Additional 

cleaning removes irrelevant non-alphabetic characters (e.g., certain emojis/symbols), normalizes whitespace, 

and strips URLs, mentions, and hashtags. The result is a clean, standardized corpus ready for feature 

extraction. 

2.4 Feature Extraction 

TF-IDF converts the corpus into a term–document matrix whose weights emphasize words that are 

important in a document yet rare across the corpus [26], [27], [28]. Configurations explored include 

ngram_range ((1,1) unigram or (1,2) uni+bigram), max_features in the range 10k–100k to control 

dimensionality, min_df/max_df to filter overly rare or overly common terms, and sublinear_tf=True to apply 

log-scaled term frequency. TF-IDF is chosen for its simplicity, speed, and effectiveness on high-dimensional 

text—often a strong baseline for SVM. Vectors can be L2-normalized to standardize feature scales, which 

typically benefits a linear SVM. 

To capture semantic information and contextual proximity, Word2Vec maps each word to a fixed-

dimensional dense vector [29], [30], [31]. A CBOW model is trained on the study corpus to adapt its 

embeddings to the e-commerce review domain; hyperparameters explored include vector_size, window, 

min_count, and epochs. Document representations are formed by mean pooling (averaging word vectors per 

review) or TF-IDF-weighted averaging, producing a single vector per review consumable by SVM. Thus, 

Word2Vec provides semantic signals complementary to TF-IDF’s frequency-based signals. 
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2.5 Modeling 

The classifier is a Support Vector Machine (SVM), selected for its ability to handle high-dimensional 

data with a maximum-margin decision boundary [32]. Let 𝑥𝑖 ∈ ℝ𝑑 denote the feature vector of 𝒾-th document 

(e.g., TF-IDF or an embedding-based representation), where 𝑑 is the number of features, and let 𝑦𝑖 ∈
{−1, +1} denote its class label (negative and positive, respectively). A linear SVM defines a decision function 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏, where 𝑤 ∈ ℝ𝑑 is the weight vector and 𝑏 ∈ ℝ is the bias term. The separating hyperplane 

is therefore given by: 

𝜔𝑇𝑥 + 𝑏 = 0. (1) 

In practice, sentiment data are rarely perfectly separable; hence, we employ the soft-margin SVM, 

which introduces slack variables 𝜉𝑖 ≥ 0 to allow limited misclassification. The optimization problem is 

formulated as: 

min
𝑤,𝑏,𝜉

1

2
‖𝜔‖2 + 𝐶 ∑ 𝜉𝑖

𝑛

𝑖=1

, (2) 

subject to: 

𝑦𝑖(𝜔𝑇𝜒𝑖 + 𝑏) ≥ 1, 𝜉𝑖 , 𝑖 = 1,2, … , 𝑛, (3) 

where 𝑛 is the number of training instances, ||w|| is the Euclidean norm of w, and C > 0 is the regularization 

hyperparameter controlling the trade-off between maximizing the margin and penalizing margin violations. 

For evaluation using ROC-AUC, SVM outputs are obtained from the decision score 𝑓(𝑥) via 

decision_function; optionally, probability=true can be enabled to provide calibrated probabilities through 

Platt scaling. Overall, the maximum-margin principle and effective regularization make SVM suitable for 

sentiment analysis, particularly when the feature representation is high-dimensional and sparse. 

2.6 Hyperparameter Tuning 

Three tuning approaches are compared: 

1. Grid Search evaluates all combinations on a predefined grid:  

C ∈ {0.1, 1, 10, 100}. (4) 

It is exhaustive and transparent, but becomes computationally expensive as the grid grows. 

2. Random Search samples parameter combinations at random, with C drawn from a log-uniform range 

𝐶~ loguniform(10−2, 102). (5) 

For a limited number of trials. It often finds near-optimal settings at much lower cost and is well-

suited to large spaces. 

3. Optuna optimizes the objective adaptively using a Bayesian/TPE sampler and supports 

pruning/early stopping for unpromising trials. The optimization objective can be written as: 

𝑚𝑖𝑛𝑐ℒ(𝐶), (6) 

where the function represents the loss (or error) function evaluated under cross-validation. Optuna 

further enhances efficiency by supporting pruning and early stopping, enabling it to terminate 

unpromising trials early. This adaptive strategy enables Optuna to allocate more resources to 

promising regions of the search space, making it more efficient and often more effective than 

exhaustive or purely random search methods. 

All three approaches are run separately for each feature scenario (TF-IDF and Word2Vec), yielding the top 

accuracy for each feature × tuner combination. 

2.7 Evaluation and Analysis 

Final evaluation is conducted on a held-out test set using Accuracy, Precision, Recall, F1-score 

(macro/micro), and ROC-AUC.  
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1. Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
. (7) 

Measures the overall proportion of correctly classified instances out of the total number of instances. 

2. Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
. (8) 

Indicates the proportion of true positive predictions among all positive predictions made by the 

model, reflecting how reliable the positive classifications are. 

3. Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
. (9) 

Represents the proportion of true positives identified out of all actual positives, showing how well 

the model captures positive cases. 

4. F1-score 

𝐹1 = 2𝑋
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
. (10) 

Combines precision and recall into a single metric. Macro F1-score calculates the average across all 

classes equally, while Micro F1-score aggregates the contributions of all classes, making it more 

sensitive to class imbalance. 

5. ROC-AUC 

𝐴𝑈𝐶 =  ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)
1

0

𝑑(𝐹𝑃𝑅). (11) 

Represents the area under the Receiver Operating Characteristic curve, where the True Positive Rate 

(TPR) is plotted against the False Positive Rate (FPR). Higher values indicate better discrimination 

between positive and negative classes. 

A classification report and confusion matrix are included to analyze class-wise errors. Results are 

compared along two dimensions: (a) feature representations (TF-IDF vs. Word2Vec) with SVM, and (b) 

tuning methods (Grid, Random, Optuna) within each feature setting. 

3. RESULTS AND DISCUSSION 

This section presents the experimental results and analysis of the linear-kernel SVM for e-commerce 

sentiment classification. We begin with a summary of the dataset and class rebalancing using SMOTE, then 

compare two feature-extraction schemes (TF-IDF and Word2Vec). Next, we evaluate three hyperparameter-

tuning strategies, Grid Search, Random Search, and Optuna, under stratified validation. Performance is 

reported with Accuracy, Precision, Recall, F1-score, and ROC-AUC. 

3.1 Experiments with TF-IDF 

The initial experiment uses TF-IDF with Optuna; the result is shown in Fig. 3. 
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Figure 3. Confusion Matrix of SVM with TF-IDF and Optuna 

Fig. 3 presents the confusion matrix of the linear SVM optimized by Optuna on the held-out test set of 

871 instances (class 0 = 447, class 1 = 424). The model correctly classifies 394 instances of class 0 as class 

0 (true negatives) and 361 instances of class 1 as class 1 (true positives). The remaining errors consist of 53 

instances of class 0 predicted as class 1 (false positives) and 63 instances of class 1 predicted as class 0 (false 

negatives). Since false negatives exceed false positives, the classifier is slightly more conservative in 

predicting the positive class, so some positive reviews are still missed. The corresponding classification report 

is provided in Fig. 4. 

 
Figure 4. Classification Report of SVM with TF-IDF and Optuna 

Fig. 4 reports results for 871 test instances (class 0 = 447, class 1 = 424). The model attains an accuracy 

of 0.8668 (approximately 86.7 percent) with balanced classwise performance. For class 0, precision is 0.86, 

recall is 0.88, and the F1 score is 0.87, indicating strong detection performance for this class. For class 1, 

precision is 0.87, recall is 0.85, and the F1 score is 0.86, indicating that positive predictions are relatively 

reliable while a portion of positives is still missed, consistent with the higher false-negative count in the 

confusion matrix. Macro and weighted averages are both 0.87, suggesting stable performance that is not 

driven by class proportions. The ROC analysis is shown in Fig. 5. 

 
Figure 5. ROC of SVM with TF-IDF and Optuna 

Fig. 5 shows the ROC curve of the best TF-IDF configuration, namely the Optuna-tuned linear SVM. 

The curve bends toward the upper-left corner and remains well above the diagonal line representing random 

performance, indicating strong class separability. The ROC-AUC is approximately 0.93, indicating the model 

is likely to assign a higher decision score to a randomly selected positive review than to a randomly selected 

negative review. At a false-positive rate of about 0.10, the true-positive rate reaches approximately 0.75 to 
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0.80, suggesting that many positive reviews can be detected while keeping false alarms relatively low. AUC 

values for all TF-IDF models are summarized in Table 1, while Fig. 5 is presented as a representative ROC 

visualization for the best-performing model. 

Table 1. All TF-IDF Models 

Models Accuracy Precision Recall F1 Score ROC 

SVM 84.38% 84% 84% 84% 93% 

SVM + Random Search 85.87% 86% 86% 86% 93% 

SVM + Grid Search 84.73% 85% 85% 85% 92% 

SVM + Optuna 86.68% 87% 87% 87% 93% 

Table 1 summarizes performance for all linear-SVM configurations with TF-IDF. The baseline SVM 

achieves 84.38% accuracy, F1 = 84%, and ROC ≈ 93%. Random Search lifts metrics to 85.87% accuracy and 

F1 = 86% (about +1.5 points over baseline) with the same ROC. Grid Search yields limited gains (84.73%, 

F1 = 85%) and a slight decrease in ROC (92%), indicating the grid did not cover the best region. Optuna 

yields the top result—86.68% accuracy, F1 = 87%, ROC 93%—about +2.3 accuracy points and +3 F1 points 

over baseline. Since AUC stays nearly constant (92–93%), global separability is already strong; 

improvements mainly come from better C and related settings that balance precision–recall. Thus, TF-IDF + 

linear SVM + Optuna is the preferred configuration. 

3.2 Experiments with Word2vec 

The next experiment uses Word2Vec with Random Search; the result is shown in Fig. 6. 

 
Figure 6. Confusion Matrix of SVM with Word2Vec and Random Search 

Fig. 6 presents the confusion matrix for the linear SVM using Word2Vec features, optimized by 

Random Search, on the same held-out test set used in the TF-IDF experiments, consisting of 871 reviews 

(class 0 = 428, class 1 = 443). The model correctly classifies 377 instances of class 0 as class 0 (true negatives) 

and 358 instances of class 1 as class 1 (true positives). The remaining errors include 51 instances of class 0 

misclassified as class 1 (false positives) and 85 instances of class 1 misclassified as class 0 (false negatives). 

Since the number of false negatives exceeds the number of false positives, the classifier exhibits a more 

conservative behavior when predicting the positive class, leading to higher precision but lower recall for 

positive sentiment. The corresponding classification report is shown in Fig. 7. 

 
Figure 7. Classification Report of SVM with Word2Vec and Random Search 

On 871 test instances (class 0 = 428, class 1 = 443), the model achieves an accuracy ≈ 0.848. For class 

0, precision 0.82, recall 0.88, F1 0.85, showing the model captures negatives well (few FN). For class 1, 

precision 0.88, recall 0.81, F1 0.84, predictions are cautious (low FP), but some positives are missed (higher 

FN), consistent with the confusion matrix. Macro and weighted F1 both equal 0.84, indicating stable 

performance across classes. The ROC curve is given in Fig. 8. 
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Figure 8. ROC of SVM with Word2Vec and Random Search  

 

The ROC curve lies well above the diagonal, with AUC ≈ 0.91, confirming good separability, though 

slightly below that of the TF-IDF + Optuna configuration. At FPR ≈ 0.10 and TPR ≈ 0.75, many positives 

are detected while keeping false alarms modest. The threshold can be adjusted at the Youden’s J maximum 

to raise positive recall if required. A full comparison of Word2Vec models is shown in Table 2. 

Table 2. All Word2vec Models 

Models Accuracy Precision Recall F1 Score ROC 

SVM 80.71% 81% 81% 81% 89% 

SVM + Random Search 84.38% 85% 84% 84% 92% 

SVM + Grid Search 83.58% 84% 84% 84% 92% 

SVM + Optuna 83.81% 84% 84% 84% 91% 

Table 2 shows that tuning improves performance by 3–4 points relative to the Word2Vec baseline. 

Random Search performs best (84.38% accuracy, F1 = 84%, AUC 92%), followed by Grid Search and 

Optuna. Although AUC improves from 0.89 to 0.91–0.92, Word2Vec still trails TF-IDF by about 2–3 points 

(compare with Table 1). This suggests that linear SVMs align better with sparse, high-dimensional TF-IDF 

features, whereas document vectors from averaged Word2Vec models can lose frequency and contextual 

cues. To close the gap, consider TF-IDF-weighted averaging, tuning vector_size/window/min_count, or using 

non-linear classifiers. 

3.3 Discussion 

Overall, all configurations show good discriminative power (AUC 0.89–0.93) on data balanced with 

SMOTE. The two strongest determinants of performance are feature representation and hyperparameter 

tuning for the linear SVM. The best overall result is TF-IDF + linear SVM + Optuna. 

1. TF-IDF + Optuna. As shown in Fig. 3, the model records 394 TN and 395 TP with 53 FP and 43 

FN, indicating a slightly assertive positive prediction pattern. Fig. 4 confirms balanced per-class 

metrics (F1 ≈ 0.87; accuracy ≈ 86.7%). The ROC in Fig. 5 (AUC ≈ 0.93–0.94) shows strong 

separability and robustness to threshold changes. 

2. Word2Vec + Random Search. As in Fig. 6, FN > FP, so the model is more conservative for positives; 

Fig. 7 reports accuracy ≈ 0.848 and F1 ≈ 0.84; Fig. 8 shows AUC ≈ 0.91—good, but below TF-IDF. 

Performance can be improved by adjusting thresholds or further tuning vector_size, window, and 

weighting. 

3. Across features. Comparing Table 1 and Table 2, TF-IDF leads by roughly 2–3 points in 

accuracy/F1 with linear SVM (86.68%, F1 0.87 vs. 84.38%, F1 0.84). Linear SVM is naturally well-

suited to sparse TF-IDF vectors, whereas averaged Word2Vec compresses frequency/context 

diversity, narrowing the margin. 

4. Across tuning methods. With TF-IDF, Optuna is consistently best (86.68%, F1 0.87), followed by 

Random Search and Grid Search. With Word2Vec, Random Search slightly edges Optuna and Grid. 

This pattern is expected: Grid may miss good regions; Random explores large spaces efficiently; 

Optuna’s TPE + pruning is most effective when the validation signal is clear (as with TF-IDF). 
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Because AUC is similar across top settings (about 0.92–0.93), gains primarily come from better 

C/loss/class_weight choices that balance precision and recall rather than from changes in global 

separability. 

Practical implications. For deployment with a linear SVM, TF-IDF + Optuna is recommended for its 

highest and most stable performance. When computing is limited, Random Search offers a strong, lower-cost 

alternative. In scenarios requiring higher positive recall, adjust the threshold near the Youden’s J maximum 

or calibrate scores to align with business objectives.  

CONCLUSION 

This study shows that the performance of linear SVM for sentiment classification is strongly affected 

by feature representation and the hyperparameter tuning strategy. TF IDF provides the best overall results, 

with TF IDF combined with linear SVM and Optuna achieving 86.68 percent accuracy, an F1 score of 0.87, 

and a ROC AUC of approximately 0.93-0.94, outperforming all other evaluated configurations. The best 

Word2Vec setting obtained via Random Search remains around 2 to 3 points lower, indicating limitations of 

simple averaged embedding representations when paired with a linear-margin classifier. Optuna yields the 

most consistent improvements for TF-IDF due to its adaptive TPE-based search and pruning, while Random 

Search offers a computationally efficient alternative with competitive performance. Applying SMOTE to the 

training set helps balance the class distribution and stabilizes macro-level metrics without a noticeable 

reduction in ROC AUC. These findings are limited to binary classification, a linear SVM classifier, and the 

dataset used in this study. Future work should examine multi-class and aspect-level settings, richer document 

representations, broader hyperparameter sensitivity analyses, and comparisons with nonlinear models and 

contextual embedding approaches to improve generalization and practical deployment. 
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