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Abstract 
 

The development of information technology and social media has changed the way people access news, including criminal news that is 

often in the public spotlight. Criminal news not only presents facts, but can also shape public opinion quickly and widely so that it has the 

potential to cause disinformation. For this reason, sentiment analysis is needed that is able to provide an objective picture of public 

perception of criminal news.This study uses a quantitative approach with stages: collection of crime news data and public comments from 

online media,  text preprocessing (cleansing, case folding, tokenizing, stopword removal, normalization, and stemming), feature extraction 

using Term Frequency-Inverse Document Frequency (TF-IDF), sentiment classification with  the K-Nearest Neighbor algorithm (K-NN), 

as well as model evaluation through accuracy, precision, recall, and F1-score metrics.The results showed that the combination of TF-IDF 

and K-NN was able to classify public comments on criminal news into three sentiment classes (positive, negative, neutral) with an accuracy 

rate of 82%. Further evaluation showed an average precision value of 0.86, a recall of 0.82, and an F1-score of 0.82. These findings prove 

that the TF-IDF and K-NN methods are effective in understanding public perception of online media-based crime reporting. 
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1. Introduction 

The development of information technology and social media has brought significant changes in the way people access news, including 

crime news that is often in the public spotlight. Crime news not only presents the facts of events, but can also shape public opinion quickly 

and massively. This makes public perception often subjective, influenced by media framing and individual viewpoints, and increases the 

potential for disinformation. Therefore, a sentiment analysis method is needed that is able to assess public opinion more objectively and 

measurably. 

 

Sentiment analysis of crime news has been proven to help understand people's views on various forms of crime that occur[1]. Emphasized 

that the Term Frequency-Inverse Document Frequency (TF-IDF) method is very effective in extracting text features, so that the system is 

able to recognize sentiment patterns more accurately. showed that the K-Nearest Neighbor (K-NN) algorithm is reliable for the 

classification of text data, including in determining public opinion on a criminal event. 

 

Against this background, this study focuses on the application of the combination of TF-IDF and K-NN methods to analyze public sentiment 

towards criminal news. It is hoped that the results of this study can provide a more objective picture of public opinion, as well as contribute 

to the development of text-based sentiment analysis methods on sensitive social issues. 

2. Theoretical Foundations 

2.1. Sentiment Analysis 

Sentiment analysis is the process of understanding, extracting, and processing textual data to obtain the sentiment information contained 

in it, whether it is positive, negative, or neutral. Sentiment analysis can help in understanding public opinion on certain issues by utilizing 

data from social media[2]. This technique has a number of advantages, including providing an understanding of the views of the community 

and being the basis for strategic decision-making. However, there are also limitations, such as ambiguity of language that can affect the 

accuracy of analysis and biased data resulting in inaccurate conclusions. In practice, sentiment analysis is widely applied in the business 

field to assess customer satisfaction, in the political realm to map public opinion on policies or candidates, and in social media as a means 

of monitoring trends and responding to public issues in real-time. 
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2.2. Method TF-IDF 

Term Frequency-Inverse Document Frequency (TF-IDF) is a word weighting method used to assess the importance of a word in a document 

compared to the overall document collection. TF-IDF is effective in extracting text features for sentiment analysis. 

The main component of TF-IDF is Term Frequency (TF), which measures the frequency with which words appear in a document: 

TF(t,d)=Number of words in document dNumber of occurrences of the word t in document d  

TF(𝑡, 𝑑) =
Number of times term 𝑡 appears in document 𝑑

Total number of terms in document 𝑑
                                                             (1) 

and Inverse Document Frequency (IDF), which assesses the importance of a word in a document collection. Words that appear frequently 

in many documents will have a lower weight: 

IDF(t)= log (1+
N

DF(t)
)                                                               (2) 

The TF-IDF value is obtained from the multiplication of the two: 

 TF-IDF(t,d) = TF(t,d) ×IDF(t)                  (3) 

With this calculation, words that rarely appear throughout the document collection but appear frequently on certain documents will have a 

higher weight, so they are considered more important in text analysis. 

2.3. Algoritma K-Nearest Neighbor (K-NN) 

K-Nearest Neighbor (K-NN) is a classification algorithm that works by searching for a number of nearby neighbor kkk from data that will 

be classified based on feature similarity. In sentiment analysis, K-NN is used to group text based on similarity to the trained data that has 

been labeled. This method can be used to analyze sentiment with a high degree of accuracy. 

The K-NN work process is carried out by calculating the distance between the test data and all training data using proximity measures, one 

of which is Euclidean Distance, which is formulated as follows: 

Distance(xi-yi
)= ∑ (xi-yi

)
2n

i=1                    (4) 

Information: 

a) xi and yi is the value of the feature in the i dimension of the x and y points. 

b) n is the sum of the dimensions (features) on the data. 

Once the distances are calculated, the results are sorted from smallest to largest. Next, a number of the nearest neighboring kkk were 

selected, then the majority class of the neighbors was determined as a result of the classification of test data. 

2.4. Sentiment Model Evaluation 

Sentiment analysis model evaluation is performed to measure how well the model performs in classifying text into appropriate sentiment 

categories, such as positive, negative, or neutral. Some of the metrics that are often used in sentiment model evaluation include accuracy, 

precision, recall, and F1-score. The combination of these various metrics needs to be considered in order to obtain a more comprehensive 

picture of the model's performance, as each metric has a different measurement focus and can complement each other in providing a more 

thorough evaluation[3]. 

a. Accuracy: This metric measures how much of a prediction is correct compared to the total amount of data tested. Accuracy is calculated 

by the following formula: 

Accuracy=
Number of correct predictions

Total number of test data
 

 

b. Precision: Precision measures how many positive predictions are correct among all predictions that are categorized as positive. The 

precision formula is: 

Precision=
TP

TP+FP
 

 

c. Recall: Recall measures how many positive predictions are correct among all the data that should be positive. The recall formula is: 

Recall= 
True Posituve

True Positive+False Negative
 

 

d. F1-score: F1-score is the harmonic average between precision and recall, which provides an overall picture of the model's performance 

in terms of the balance between precision and recall. The formula of F1-score is: 
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F1-Score=2  x  
Presisi x recall

Presisi+Recall
 

2.5. Criminal Dataset 

The criminal dataset is a collection of data used as analysis material in this study. The data was obtained from criminal news taken through 

online media and public comments related to the news. This dataset contains text that reflects public opinion or sentiment towards a criminal 

event. 

 

The use of data from social media, such as Twitter, is very useful in sentiment analysis research because it is able to provide people's views 

directly and in real-time. The criminal data used in this study was then processed through the preprocessing stage before feature extraction 

using TF-IDF and classification with the K-NN algorithm[4]. 

3. Analysis and Planning 

3.1. Research Methods 

 
This study uses a quantitative method with an experimental approach. The research stages include data collection in the form of crime 

news,  text preprocessing, feature extraction with Term Frequency-Inverse Document Frequency (TF-IDF), classification using the K-

Nearest Neighbor (K-NN) algorithm, and model evaluation to measure accuracy in assessing public perception.The K-NN method was 

chosen because it has a good ability to perform similarity-based classification between data, while TF-IDF is used to represent text into 

numerical form that reflects the level of importance of a word in a document collection. 

 

 
Fig. 1: Research Workflow 

Here's a brief explanation of each stage: 

 

1. Data Collection: Retrieve criminal news text data from a predetermined source. 

2. Data Preprocessing: Cleans text data with processes such as lowercasing, punctuation removal, stopword removal, and stemming. 

3. Feature Extraction (TF-IDF) : Converting text into a numerical representation uses TF-IDF to calculate the weight of the importance 

of words. 

4. Sentiment Classification (K-NN) : Using the K-Nearest Neighbor algorithm to determine sentiment based on data similarity. 

5. Model Evaluation : Measure model performance using metrics such as accuracy, precision, recall, and F1-score. 

6. Console Interface : Display classification and evaluation results simply through the console view. 

3.2. Supporting Data 

The main data used in this study is crime news obtained from national and local online news sites. News is taken based on specific keywords 

such as "murder", "theft", "sexual harassment", and others. The total data collected was 1000 criminal news articles in the 2023-2024 range. 

Each news is analyzed to gain public perception through the comment or response column related to the news. Irrelevant or spammy 

comments are removed at the preprocessing stage. 

 
Table 1: Research Supporting Data 

Commentary Label Sentiment 

parah kejam istri sendiri Negative 
keamanan buruk motor tidak aman Negative 

dihukum berat jangan korban lagi Negative 

salut aparat tingkatkan pengawasan Positive 

miris anak gampang terprovokasi Neutral 
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3.3. Application of Methods 

The application of this research method is carried out through five main stages, namely: 

1. Data Collection 

Collection of crime news articles along with public comments from national and local online news sites in the 2023–2024 period, 

focusing on keywords such as murder, theft, sexual harassment, and brawl. 

2. Preprocessing 

Text cleanup and normalization include cleansing (removing irrelevant symbols/numbers), case folding (converting text to lowercase), 

tokenizing (separating words), stopword removal (removing common words that don't mean important), and stemming (changing words 

to basic forms). 

3. Feature Extraction with TF-IDF 

Converts the preprocessed text into a numerical representation that reflects the level of importance of words in a document collection 

for use at the classification stage. 

1. Sentiment Classification with K-NN 

Calculating the distance between the test data and the training data using Euclidean Distance, then determining the majority class of a 

number of nearby neighboring households as a result of classification. 

4. Model Evaluation 

Assess classification performance using accuracy, precision, recall, and F1-score metrics calculated based on the confusion matrix. 

 

4. Results and Discussion 

4.1. Text Preprocessing Results 

 
Fig. 2: Text Preprocessing Results 

 

At this stage, the text preprocessing process  consists of several steps, namely cleansing, case folding, tokenizing, stopword removal, 

normalization, and stemming. The process results in comments that have been cleaned of irrelevant characters, changed to lowercase letters, 

separated into token forms, removed common words that have no important meaning, normalized, and returned to the root word form. 

4.2. Split Data and TF-IDF 

 
Fig. 3: Split Data and TF-IDF Results 

The comment data that has been labeled sentiment is divided into 548 training data and 253 test data. Furthermore, the text data from the 

text preprocessing was converted into a numerical representation using the TF-IDF method. Each word in the document is weighted based 

on its importance. For example, in the image above, it can be seen that the word "fair" acquires a weight of 0.452251 in the third line, 

indicating its level of relevance to the document. This numerical representation is then used as input for the K-Nearest Neighbor algorithm 

in the sentiment classification process. 

4.3. Evaluation 

 

 

 

 

 

 

 
Fig. 4: Confusion Matrix 
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Fig. 5: Classification Report 

 

The evaluation of model performance was carried out using a confusion matrix as well as accuracy, precision, recall, and F1-score metrics. 

In the confusion matrix, it can be seen that the majority of the test data is correctly predicted. For example, for the positive class as many 

as 180 data are predicted to be true and only 5 are false, in the negative class as many as 50 data are predicted to be true with 3 false, while 

the neutral class gets 20 predictions correct with 2 false. The dominant diagonal value indicates good model performance, while the 

misclassification is relatively small. 

 

The results of the classification report also showed that in the negative class, the model obtained a precision of 0.94, a recall of 0.76, and 

an F1-score of 0.84. In the neutral class, the precision is 0.68, the recall is 1.00, and the F1 score is 0.81. Meanwhile, in the positive class, 

the precision reached 0.97, the recall reached 0.71, and the F1 score was 0.82. Overall, the model produced an accuracy of 82% with a 

precision mean (macro average and weighted average) of 0.86, recall 0.82, and F1-score of 0.82. 

5. Conclusions and Suggestions 

5.1. Conclusion 

Based on the results of the research on the application of sentiment analysis to crime news using the TF-IDF method and the K-Nearest 

Neighbor (K-NN) algorithm, several conclusions can be drawn as follows: 

 

1. The preprocessing process (cleaning, case folding, tokenizing, stopword removal, normalization, stemming) successfully improves the 

quality of text data. 

2. The TF-IDF method effectively provides an appropriate numerical representation to support the K-NN classification. 

3. The results of the evaluation showed that the combination of TF-IDF and K-NN was able to classify public comments on criminal 

news into three classes (positive, negative, neutral) with an accuracy of 82%, an average precision of 94%, a recall of 76%, and an F1-

score of 84%. 

4. These findings prove that the TF-IDF and K-NN methods can be used to understand public perception of online media-based crime 

news. 

5.2. Recommendations 

The suggestions that can be given for further research are: 

1. The amount of data needs to be increased to make the model more general. 

2. Optimize the k parameter on K-NN for more stable results. 

3. Compare it with other algorithms (Naïve Bayes, SVM, Random Forest) to find a more optimal method. 

4. Develop systems with web interfaces or mobile apps to make analysis results more accessible 
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