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Abstract – Social media has emerged as one of the primary 

communication channels in the modern world, but it has 

simultaneously become a platform where hate speech can 

spread easily. This study attempts to evaluate the 

performance of a hate speech classification model using the 

K-Nearest Neighbors (K-NN) algorithm along with various 

feature extraction techniques, specifically Bag of Words 

(BoW), Term Frequency-Inverse Document Frequency 

(TF-IDF), and N-Grams. The dataset used in this study 

consists of 13169 entries, which represent a diverse range 

of hate speech examples commonly encountered on social 

media platforms. In this experimental investigation, we 

assess the efficacy of the model using each feature 

extraction technique. The findings reveal that the K-NN 

model exhibits optimal performance when the k parameter 

is set to 3 (k=3). Under this configuration, the model 

achieves an accuracy of 86.88%, with a precision of 

88.27%, a recall of 86.88%, and an F1-Score of 86.50%. 

These results show that the integration of TF-IDF feature 

extraction technique with K-NN algorithm produces 

superior performance in hate speech classification. 

Keywords: hate speech, K-Nearest Neighbors, Bag of 

Words, TF-IDF, N-Grams, F1 Score 

I. INTRODUCTION 

 Twitter allows users to share opinions, thoughts, and 

information, enabling rapid communication and 

engagement with various issues [1], [2]. While it 

promotes freedom of expression, this can lead to the 

spread of hate speech, despite Twitter's measures to 

mitigate it [3]-[6]. Recent research has identified the 

presence of provocative language on Twitter, 

highlighting the need for a classification model trained 

on hate speech to address this issue [7], [8]. Detecting 

hate speech is essential for fostering a safer, inclusive 

environment and preventing societal discord, 

polarization, and threats to democratic processes [9]. 

The study by [10] identified hate speech and 

offensive language with various labels on Twitter, while 

research [11] focused on preprocessing and classification 

based on race, religion, and neutrality, showing that 

parameter selection and training data size impact 

outcomes. Feature extraction techniques like BoW, TF-

IDF, and N-Grams are essential for converting raw text 

into numerical data for machine learning [12]. TF-IDF 

has been widely used with algorithms such as SVM, 

Naive Bayes, and K-NN, improving accuracy in hate 

speech detection [13]. Enhancements like class 

frequency further boost performance and reduce errors 

[14], proving effective in other areas like text similarity, 

SMS spam detection, and SQL injection prevention, 

especially when combined with N-Grams [15], [5]. 

Studies [16] and [17] demonstrated N-Grams' 

effectiveness in detecting fake news and sentiment 

analysis, with research [18]-[20] showing its success in 

classifying tweets, emphasizing N-Grams' broad 

applicability in enhancing automated detection accuracy 

across various domains. 

Each feature extraction technique has strengths and 

weaknesses, but combining them can create a more 

robust model, previous research has shown [21]. 

Choosing the proper technique is crucial for improving 

accuracy and efficiency in hate speech classification [22]. 

The study by [23] focused on detecting hate speech in 

Indonesian using different machine learning models, 

achieving the highest accuracy with varied classifiers 

and feature extraction methods. Creating a safer online 

environment requires identifying and mitigating hate 

speech on social media [24]. Hate speech classification 

in NLP has been tackled using machine learning and 

deep learning approaches with varying success, with 

even simple models like K-NN proving effective [8], 

[25]-[27]. Challenges include handling the complexity of 

social media language, such as diverse grammar and 

slang, and large datasets, necessitating meticulous 

sentiment analysis [28]. The study by [29] demonstrated 

that machine learning and deep learning methods could 

be employed for hate speech classification on social 

media. 

The literature review by [1] emphasizes that machine 

learning approaches, though simpler than deep learning, 
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can yield competitive results when combined with 

suitable feature extraction techniques. The study by [30] 

showed that K-NN with BoW achieved 66.21% accuracy 

in hate speech detection, while [23] improved this to 

83.03%, highlighting BoW's relevance in text 

classification tasks [31]. TF-IDF further enhances model 

performance, as shown by [23], where replacing BoW 

with TF-IDF increased accuracy to 84.11%. This is 

supported by [9], demonstrating that TF-IDF reduces 

classification errors and improves precision, while [32] 

confirms its effectiveness in converting research paper 

metadata into numerical vectors. The study by [17] 

demonstrated significant accuracy improvements in 

sentiment analysis of Indonesian-language reviews by 

combining N-Grams (N=2) with Naive Bayes and K-NN, 

achieving 97.26% and 93.76% accuracy, respectively, 

highlighting N-Grams' importance in enhancing 

sentiment analysis performance.  

Several approaches have been undertaken to classify 

hate speech on Twitter. This study builds upon existing 

approaches by focusing on hate speech analysis using the 

dataset from research by [10]. The feature extraction 

methods employed are BoW, TF-IDF, and N-Grams. 

Classification will be conducted using the K-NN 

algorithm, similar to the methodology in the study by 

[11]. This research aims to evaluate the performance of 

the K-NN model in the classification of Indonesian-

language hate speech on Twitter using BoW, TF-IDF, 

and N-Grams are used for feature extraction. The study 

also examines how variations in the parameter k affect 

the model's performance. In addition to measuring 

accuracy, the F1-Score will be used as the primary 

evaluation metric for hate speech classification. As 

discussed in research [33], the F1-Score offers a balance 

between precision and recall, which highlights its utility 

in assessing model performance [34]. 

II. METHOD 

The research process involves several stages: data 

collection, text preprocessing, feature extraction, 

classification, and evaluation. 

A. Data Collection 

The data for this research was obtained from the study 

by [10], which provided a publicly available dataset (Fig. 

1). The dataset’s contents are shown in the image below. 

Figure 1 illustrates the dataset content, which consists of 

1 tweet column and 12 class columns. This dataset 

includes various types of hate speech in the Indonesian 

language, totaling 13,169 tweets. The class used in this 

study is the Hate Speech class (HS column).

 

 

Fig. 1 Dataset content and number of class columns 
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The total data in the HS column is 13169 tweets. 

There are two label categories. Label 0 indicates that the 

tweet does not contain hate speech (non-hate speech), 

totaling 7608 tweets. On the other hand, label 1 indicates 

that the tweet contains hate speech, with a total of 5561 

tweets. This data was then subjected to preprocessing. 

B. Text Pre-Processing 

The text preprocessing process is a crucial step in 

preparing data before it is used in a model, aiming to 

prepare the text documents for subsequent processing 

steps [35]. The following image is an example of a 

dataset that has undergone preprocessing. Fig. 2 shows 

that each data row is assigned a unique ID, and the text 

is converted to lowercase. Irrelevant characters such as 

URLs, retweet symbols, usernames, and emojis are 

removed. The text is then filtered to retain only 

alphanumeric characters, and slang words are 

normalized using a slang dictionary. The stemming 

process is performed using the Sastrawi dictionary to 

convert words to their root forms. Stopwords are applied 

to focus on significant words. The preprocessing results 

are stored in the ‘Tweet_Clean’ column and saved into a 

new file (Fig. 2). 

C. Feature Extraction 

The feature extraction methods used in this study are 

the BoW, TF-IDF, and N-Grams approaches. 

1)  BoW: The BoW approach is a feature extraction 

method used to classify documents by evaluating the 

frequency of unique words appearing within a large text 

corpus [36]. BoW offers simplicity and flexibility, 

enabling text representation based on the pattern of word 

occurrences in a document, making it suitable for various 

text analysis applications [23]. The formula for 

calculating the BoW value is provided in (1). Each 

word t in document d results in a feature matrix where 

each row represents a single document, and each column 

represents a unique word from the entire document 

corpus. 

BoW t,d =  

The number of occurrences of the word t  

in document d                                                 (1)

 

 

Fig. 2 Preprocessing results 
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2)  TF-IDF: The TF-IDF method assigns weights to 

words based on their relevance to a specific document 

[37], thereby helping to determine the importance of a 

word in the context of the entire document. The formula 

for calculating the TF-IDF value is provided in (2). 

TF-IDF t,d,D = TF t,d  x IDF (t,D)         (2) 

3)  N-Grams: N-Grams is an approach for determining 

sequences of N words that can be represented as features 

in feature extraction techniques [16]. This approach aids 

in identifying sequential patterns in text, which can be 

used for more in-depth text analysis and classification 

[38]. The formula used in N-Grams is provided in (3), all 

of these methods are used to extract features from the text, 

which are then input into the K-NN model for 

classification. 

N-gram  t,d =  

The sequence of words t in document d.     (3) 

D. K-NN 

The K-NN algorithm is used to classify objects based 

on the training data closest to the object in question [39]. 

The proximity or distance of these neighbors is 

calculated using the Euclidean distance method. The 

Euclidean distance method helps measure the 

interpretive distance between two objects [40]. The 

representation of the Euclidean distance method is 

calculated using (4),where d(p,q) is the Euclidean 

distance between data points p and q. In this formula pi 

and qi are the values of the i-th feature for the data points 

p and q. 

d(p,q) =  √∑ (p
i
-q

i
)
2p

i=1
             (4) 

E. Evaluation 

Measuring model performance is a crucial step in 

machine learning, as it helps in determining the most 

suitable model for use [41]. One of the techniques to 

assess model performance, particularly in classification 

tasks (supervised learning) in machine learning, is the 

confusion matrix [42]. This matrix consists of two rows 

and two columns: TP (True Positive), TN (True 

Negative), FP (False Positive), and FN (False Negative), 

as shown in Table I. The confusion matrix is structured 

as shown in the table, where the predicted classes are 

compared against the actual classes. The matrix contains 

TP, TN, FP, and FN. This matrix is used to evaluate the 

performance of a classification model by providing 

insights into the number of correct and incorrect 

predictions for each class. 

 

Once the confusion matrix is determined, it is then 

used to calculate the values of accuracy, precision, recall, 

and F1-score [43]. These values are calculated using the 

following equations: 

1)  Accuracy: Measures the proportion of correct 

predictions out of the total predictions made by the 

model, calculated using (5). 

Accuracy = 
TP + TN

TP + TN + FP + FN
 x 100%        (5) 

2)  Precision: Measures how accurate the model's 

predictions are by calculating the ratio of true positive 

predictions to all positive predictions, calculated using 

(6). 

Precision = 
TP

TP + FP
 x 100%                    (6) 

3)  Recall: Measures the model's ability to identify all 

positive instances present in the data, calculated using (7). 

Recall = 
TP

TP + FN
 x 100%                     (7) 

4)  F1-score: A calculation that represents the balance 

between precision and recall. If the values of FN and FP 

are not close to each other, it is preferable to use the F1-

score over accuracy. It is calculated using (8). 

F1-score = 2 x 
Precision x Recall

Precision + Recall
 x 100%        (8) 

The results of these metrics are then used to compare 

the performance of the model across different feature 

extraction methods and K-values in K-NN. 

III. RESULT AND DISCUSSION 

After the data has undergone preprocessing, 

classification is performed using the K-NN algorithm. 

The feature extraction techniques used are BoW, TF-IDF, 

and N-Grams. The results of this classification process 

are presented in the classification results section. 

Subsequently, an analysis of the model's performance, 

including the interpretation and implications of the 

findings, is discussed in the discussion section. 

A. Classification Results 

In this study, the performance of the K-NN model is 

evaluated using BoW, TF-IDF, and N-Grams, from these  

TABLE I  

CONFUSION MATRIX 

Predicted Class 
Actual Class 

Positive Negative 

Positive TP FP 

Negative FN TN 
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techniques for hate speech classification in Indonesian 

tweets. Each model is tested with K-values of 3, 5, 7, 9, 

11, 13, and 15, and the results are evaluated using 

performance metrics such as Accuracy, Precision, 

Recall, and F1-Score. Table II below presents the 

performance evaluation results based on various K 

values. The performance results of the K-NN model are 

observed based on the k parameter and the feature 

extraction technique used. 

Based on the model performance results according to 

the k parameter and the feature extraction technique 

used. The findings of this evaluation are as follows: 

1) Performance Metrics Analysis 

 Accuracy: At k=3, K-NN + TF-IDF achieved the 

highest accuracy at 86.88%, followed K-NN + BoW and 

K-NN + N-Grams reached 85.31% and 82.43%, 

respectively. As k increased to 15, accuracy declined for 

all models, with K-NN + TF-IDF remaining the most 

accurate at 81.32%, while the K-NN + N-Grams 

experienced the largest drop to 71.42%. 

 Precision: K-NN + TF-IDF had the highest 

precision at 88.27% at k=3, with K-NN + BoW and K-

NN + N-Grams had lower precision at 85.32% and 

82.96%, respectively. At k=15, K-NN + TF-IDF still led 

with 81.26%, while the K-NN + N-Grams dropped to 

72.49%. 

Recall: At k=3, K-NN + TF-IDF achieved the highest 

recall at 86.88%, with the K-NN + BoW had a recall of 

85.31%, and K-NN + N-Grams had the lowest at 

82.43%. At k=15, recall decreased across all models, but 

K-NN + TF-IDF remained the most effective at 81.32%. 

 F1-Score: The K-NN + TF-IDF model had the 

highest F1-Score at 86.50% at k=3, followed K-NN + 

BoW and K-NN + N-Grams scored lower at 85.21% and 

82.05%, respectively. By k=15, K-NN + TF-IDF 

maintained the top F1-Score at 81.22%, with K-NN + N-

Grams the lowest at 69.79%. 

2) Inter-Model Comparison 

 K-NN + Bag of Words: Performed well at k=3 

with an accuracy of 85.31%, precision of 85.32%, recall 

of 85.31%, and F1-Score of 85.21%. However, 

performance declined significantly as k increased, with 

all metrics dropping to around 77.7% at k=15. This 

indicates that BoW struggles with complex hate speech 

variations and lacks context consideration. 

 K-NN + TF-IDF: Consistently the best 

performer across all metrics. At k=3, it achieved the 

highest accuracy (86.88%), precision (88.27%), recall 

(86.88%), and F1-Score (86.50%). While performance 

declined with increasing k, it remained the strongest 

model, with metrics still above 81% at k=15, 

demonstrating TF-IDF's robustness in capturing hate 

speech.

 

TABLE II  

K-NN MODEL PERFORMANCE RESULTS 

k= Method Accuracy Precision Recall F1 Score 

3 K-NN + BoW 85.31% 85.32% 85.31% 85.21% 

3 K-NN + TF-IDF 86.88% 88.27% 86.88% 86.50% 

3 K-NN + N-Grams 82.43% 82.96% 82.43% 82.05% 

5 K-NN + BoW 81.98% 81.93% 81.98% 81.86% 

5 K-NN + TF-IDF 84.25% 84.69% 84.25% 83.97% 

5 K-NN + N-Grams 78.59% 79.07% 78.59% 78.05% 

7 K-NN + BoW 80.38% 80.31% 80.38% 80.29% 

7 K-NN + TF-IDF 83.11% 83.28% 83.11% 82.84% 

7 K-NN + N-Grams 75.40% 75.83% 75.40% 74.66% 

9 K-NN + BoW 78.98% 78.89% 78.98% 78.67% 

9 K-NN + TF-IDF 82.50% 82.54% 82.50% 82.33% 

9 K-NN + N-Grams 73.64% 74.00% 73.64% 72.78% 

11 K-NN + BoW 78.54% 78.44% 78.54% 78.41% 

11 K-NN + TF-IDF 82.05% 82.03% 82.05% 81.92% 

11 K-NN + N-Grams 73.31% 73.98% 73.31% 72.21% 

13 K-NN + BoW 78.33% 78.23% 78.33% 78.18% 

13 K-NN + TF-IDF 81.73% 81.69% 81.73% 81.61% 

13 K-NN + N-Grams 72.28% 73.13% 72.28% 70.93% 

15 K-NN + BoW 77.76% 77.65% 77.76% 77.60% 

15 K-NN + TF-IDF 81.32% 81.26% 81.32% 81.22% 

15 K-NN + N-Grams 71.42% 72.49% 71.42% 69.79% 
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 K-NN + N-Grams: Showed the lowest 

performance, with k=3 metrics at around 82% and 

declining drastically to an F1-Score of 69.79% at k=15. 

This suggests N-Grams are less effective in hate speech 

detection when used alone. 

3) Best Performance Results 

 Best Results for k: A k value of 3 yielded the best 

accuracy, precision, recall, and F1-Score performance 

for nearly all feature extraction techniques tested. As the 

k value increased, there was a tendency for performance 

to decline, particularly for N-Grams, indicating that 

selecting a lower k value is more optimal for this 

classification task. 

 Performance of Feature Extraction Techniques: 

The TF-IDF technique performed significantly better 

performance compared to BoW and N-Grams at k=3. 

The N-Grams technique exhibited the lowest 

performance compared to TF-IDF and BoW, although its 

performance slightly declined as the k value increased.  

Model Performance Comparison illustrated in the 

graph in Fig. 3. This results in the display of four 

evaluation metrics: accuracy, precision, recall, and F1 

score, which also shows that TF-IDF feature extraction 

proves to provide the best performance for the K-NN 

model in the hate speech classification task. The optimal 

performance of the K-NN model in hate speech 

classification is achieved at k=3, indicating that choosing 

a small number of nearest neighbors is more appropriate 

for this task. Increasing the value of k above 3 tends to 

reduce the results and effectiveness of the model, 

especially for N-Gram. Adding more neighbors does not 

always produce benefits in this context. These results 

underline the importance of choosing the proper feature 

extraction technique and k parameter in the K-NN model 

for hate speech classification. Combining feature 

extraction techniques also serves as an effective strategy 

to improve the classification performance in this study. 

B. Discussion 

Several findings warrant further discussion based on 

the results obtained. The analysis of these results not only 

provides insights into the effectiveness of each approach 

used but also aids in understanding how the K-NN model 

can be optimized. This discussion will focus on several 

key aspects that influence model performance, such as 

the selection of the k value, the advantages of feature 

extraction techniques, and comparisons with previous 

research findings. 

1) Optimal Performance at k=3: Based on the 

experimental results, k=3 is the optimal value for the K-

NN model in hate speech classification. This finding 

aligns with the results from [23], which also used k=3. 

At lower k values, the model demonstrates stable and 

superior performance across almost all metrics. Higher k 

values reduce the model's effectiveness, particularly in 

N-Grams models, indicating that adding more neighbors 

does not necessarily yield benefits. 

2) The Advantages of TF-IDF: The TF-IDF feature 

extraction technique provided the best performance 

among all the methods tested, as discussed in other 

studies [9]. In other contexts, such as text similarity 

detection or spam detection [13], TF-IDF has also 

demonstrated high efficiency [21]. In this case, the K-

NN model using TF-IDF showed the best results at k=3, 

making it a highly effective technique for hate speech 

classification in this case. 

3) N-Grams Performance: The model that solely 

used N-Grams exhibited significant weaknesses, 

particularly at higher k values. Therefore, the use of N-

Grams as a standalone technique is less recommended 

[16]. 

4) Comparison with Previous Research Results: 

The experimental results obtained in this study surpass 

those of several prior studies on hate speech 

classification. For instance, the study by [44] using the 

K-NN method with TF-IDF at k=10 achieved a 

maximum accuracy of 67.86%. Additionally, the study 

by [45] using the K-NN method with TF-IDF resulted in 

an accuracy of 59.68%, while the study by [34] using 

DistilBERT with SVM produced an F1-Score of 78.58%. 

In this study, the most optimal results for hate speech 

classification were achieved with k=3, yielding the 

highest accuracy of 86.88% and an F1-Score of 86.50%. 

These results represent a significant improvement 

compared to previous studies, whether utilizing the same 

model or different approaches. This improvement 

underscores the effectiveness of K-NN with the 

integration of BoW, TF-IDF, and N-Grams in classifying 

hate speech on social media. It highlights the superiority 

of this method in delivering more balanced and optimal 

results across all metrics. Hate speech detection heavily 

relies on the linguistic context. In Indonesian, for 

example, slang, abbreviations, and code-switching 

between formal and informal language can present 

challenges that may not exist in other languages. This 

makes it harder for a model trained on Indonesian data to 

effectively generalize to the from other languages 

without further adaptation. 
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Fig. 3 Model Performance Comparison 

 

IV. CONCLUSION 

This study demonstrates that in the context of hate 

speech classification, selecting appropriate feature 

extraction techniques and k values is crucial for building 

an effective model. TF-IDF has proven to be a highly 

effective technique, with k=3 yielding the best results, 

achieving the highest accuracy of 86.88% and an F1-

Score of 86.50%. Moreover, the recommendations for 

future research include exploring more sophisticated 

feature extraction methods that allow words to be 

represented in lower-dimensional vectors, capturing 

semantic relationships between words. FastText, for 

example, also considers as sub-words. This is very 

helpful in dealing with languages with much morphology, 

like Indonesian. BERT produces different 

representations for the same word in different contexts, 

which can capture nuances in hate speech that may not 

be detected by static methods such as TF-IDF. Further 

optimization of the k parameter and other 

hyperparameters, pruning (reducing the number of 

irrelevant parameters) and quantization (reducing data 

precision) techniques can be used to reduce model size 

and speed up inference time, and developing multi-label 

approaches to address the complexity of hate speech that 

spans more than one category. 
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