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This study contains sentiment analysis on Twitter data with the 

direction of sentiment on the TikTokShop feature. In this study, 
the k nearest neighbor method is implemented in which the 

metric distance cosine similarity is used with the value of the 

nearest neighbor distance k = 3, 5, 7, and 9. In the modeling, a 

k-fold cross-validation scenario is used with a value of k = 10 

fold. This study also uses unigram, bigram, and trigram selection 

features to handle imbalanced data using undersampling 
techniques. From the modeling results, it is found that the best 

modeling is the model with unigram feature selection with 

nearest neighbor k = 3. From this model, the average accuracy 

value is 89.92%, the average precision is 90.54% and the recall 

average is 87.37%. In the test, the results showed that the 
unigram feature selection had the best performance with 91% 

accuracy, 92% precision, and 89% recall. 
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1. INTRODUCTION 

Online marketing of teenagers' products can be found on various social media. One of the 

social media that is widely used for this is TikTok. There is even a new feature on Tiktok, 
namely TikTokShop which is useful for making buying and selling transactions to users 

who are interested in products being marketed or promoted. Tiktok is a social media 

platform that has been widely enjoyed in the last two years. The emergence of the 
TikTokShop feature has also become a special attraction for the community (Yuniarti et 

al., 2020). The features offered by TikTokShop have their advantages over other social 

media. In addition to being a social media, Tiktok also provides shopping features so that 
marketing or promotion of interest in product purchases is getting closer without the need 

to go to other market places (Sulistianti & Sugiarta, 2022). But TikTokShop also has 

drawbacks in terms of applications and terms of sellers. Many negative responses have 

been given, such as incorrect delivery of goods, poor product packaging, fraud during 
transactions and applications that suddenly malfunction when used (Artanti et al., 2018).  

http://iocscience.org/
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Public opinion on TikTokShop is widely expressed on other social media such as 

Twitter. This is one of the things that became the basis for the authors to conduct an 

analysis of public sentiment towards the TikTokShop they wrote on the twitter page. 

Sentiment analysis is a technique to find information in a data in the form of text or public 
opinion. Generally, this opinion refers to certain products, figures or public figures, 

services, institutions, politics or something that is trending at a certain time. Sentiment is 

usually classified into three parts, namely positive, negative and neutral sentiment (Tri 
Romadloni et al., 2019).  

Classification is one of the techniques in machine learning. We can use several 

methods to classify a dataset, one of which is K Nearest Neighbor. This method can also 
be combined with other methods to obtain better results. Several additional techniques are 

used in data preprocessing such as feature selection and data balancing. In this study, 

two approaches will be used, namely feature selection by implementing n-grams and 

undersampling techniques to obtain balanced data. 

2. RESEARCH METHOD 

2.1 Crawling Data 

Crawling data in this study uses python and the Twitter API. The crawling of data 
was carried out on April 1 – May 14, 2022, with “TikTokShop” as the search keyword. The 

total data obtained were 875 data. 

2.2 Labeling 
Labeling of crawled data is carried out for validation and to determine the original 

value of the data class. The labeling is assisted by experts who work as Indonesian 

language lecturers. The results of labeling can be seen in Figure 1 below: 
 

 

 
 

 

 
 

 

 

 
 

 

 
 

Figure 1. Label validation results 

 

2.3 Text Preprocessing 

The techniques used in the text preprocessing stage are as follows:  
1. Cleansing or cleaning text data from symbols, numbers, links, and other things that 

interfere.  
2. Case folding or converting text data into lowercase letters.  

3. Stopword removal or deleting words that are considered to not affect sentiment.  

4. Tokenizing or dividing sentences into words by word.  
5. Stemming or changing words into basic tenses. 

 

2.4 Data Partition 
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The clean data will be partitioned into two parts, namely training data and validation 

test data. The total data is 875 tweets, but in this study only tweets with positive and 

negative sentiments were used. The total data that will be used as research material is 700 

tweets. The data will be divided into 20% test data and 80% training data. 
 

2.5 Implementation method 

The partitioned data will be selected using the N-gram feature. The N-gram values 
used are unigram, bigram, and trigram. Each of the three N-grams will implement k-fold 

cross-validation as a modeling scenario with a value of k = 10 and an undersampling 

technique using the near-miss algorithm will be implemented to overcome data 
imbalances. The classification method used is K nearest neighbor with neighboring values 

k = 3, 5, 7 and 9 and the distance metric used is cosine similarity. 

The method used in feature selection is N-Gram. N-gram is a method to predict the 
occurrence of words. This method works by calculating the frequency of occurrence in 

order and will be worth 0 (zero) if the frequency of occurrence of the word does not exist 

(Prayogo, 2018). The equation for solving the number of N-gram features is stated as 

follows: 
 

𝑁𝑔𝑟𝑎𝑚𝑠𝑘 = 𝑋 − (𝑁 − 1)  (1) 

 

The method used in word weighting is TF-IDF. TF-IDF is a technique in feature 
extraction to know the weight of each word. The technique consists of two parts, namely 

the TF value or term frequency and the IDF value or inverse document frequency (Candra 

& Nanda Rozana, 2020). TF or term frequency is the word weight obtained by counting the 
occurrence of certain words in a document. The more the word appears, the higher the 

value (Fitri, 2013). IDF or inverse document frequency is the opposite of document 

frequency, the more a word appears, the less unique the word will be (Saadah et al., 2013). 

The following equations are used in TF and IDF: 

𝑊𝑡𝑓𝑡,𝑑 =  {
1 + 𝑙𝑜𝑔10 𝑡𝑓𝑡,𝑑         𝑖𝑓 𝑡𝑓𝑡,𝑑 > 0

                       
0                         𝑡ℎ𝑒𝑛  

 (2) 

𝑖𝑑𝑓𝑡 =  𝑙𝑜𝑔10 

𝑁

𝐷𝑓𝑡
 (3) 

𝑊𝑡,𝑑 =  𝑊𝑡𝑓(𝑡,𝑑). 𝑖𝑑𝑓(𝑡) (4) 

 
The classification method used is K Nearest Neighbor. In measuring distance using 

metric cosine similarity. K Nearest Neighbor is one of the classification methods and 

includes supervised learning. This method works by labeling based on the nearest neighbor 
(Tan & Zhang, 2008). Cosine similarity is a method to find similarities or similarities 

between documents. This method works by comparing test data to training data. The closer 

the resulting angle is to zero degrees, the higher the similarity level, and vice versa if the 

resulting angle widens, the lower the similarity level (Yasni et al., 2018). The results of the 
similarity measurement obtained by the test data against the training data will be sorted 

to determine the nearest neighbor (Herwijayanti et al., 2018). The following is the Cosine 

similarity equation: 

𝐶𝑜𝑠𝑆𝑖𝑚 (𝑞, 𝑑𝑗) =
𝑑𝑗 ․ 𝑞

|𝑑𝑗| |𝑞|
=  

∑ 𝑊𝑖𝑞 × 𝑊𝑖𝑗
𝑛
𝑖=1

√∑ (𝑊𝑖𝑗)2  𝑡
𝑖=1  ×  √∑ (𝑊𝑖𝑞)2 𝑛

𝑖=1 

 
 (5) 
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2.6 Evaluation 

The prediction results of the K nearest neighbor method to the actual data will be 

compared using a confusion matrix and for performance, measurement using 

measurements of accuracy, precision, and recall. The confusion matrix is a technique to 
analyze or evaluate the performance of an algorithm. The prediction results of an algorithm 

will be compared with the actual data to find the level of accuracy and others (Han et al., 

2012). The comparison of the prediction results to the actual data will be divided into four 
categories, namely true positive, true negative, false positive, and false negative. The 

following equations are used to measure the level of accuracy, precision, and recall (Bowes 

et al., 2012): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (6) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (7) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (8) 

3. RESULTS AND DISCUSSIONS 

3.1 Implementation of the K Nearest Neighbor method 

 
1. Modeling 

a. Unigram 

Based on the modeling results in the k-fold cross-validation scenario on the training 
data with the unigram selection feature, it is shown in Figure 2 below. 

 

 
 

Figure 2. The average value of accuracy, precision, and recall on nearest neighbor k = 3, 5, 7, and 9 

with unigram feature selection 

Based on the results of measuring the level of accuracy, precision, and recall from 

the modeling carried out on the training data using the unigram selection feature described 

in Figure 2 above, it can be explained that k = 3 is the best nearest neighbor value in the 
compiled model. This is evidenced by the values of accuracy, precision, and recall which 

have higher values than the other k values of neighbors. 
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b. Bigram  

Based on the modeling results in the k-fold cross-validation scenario on the training 

data with the bigram selection feature, it is shown in Figure 3 below. 
 

 
 

Figure 3. The average value of accuracy, precision, and recall on nearest neighbor k = 3, 5, 7, and 9 

with bigram feature selection 

Based on the results of measuring the level of accuracy, precision, and recall from 

the modeling carried out on the training data using the bigram selection feature described 

in Figure 3 above, it can be explained that k = 5 is the best nearest neighbor value in the 
compiled model. This is evidenced by the values of accuracy, precision, and recall which 

has higher values than the other k values of neighbors. 

 

c. Trigram 
Based on the modeling results in the k-fold cross-validation scenario on the training 

data with the trigram selection feature, it is shown in Figure 4 below. 

 

 
 

Figure 4. The average value of accuracy, precision, and recall on nearest neighbor k = 3, 5, 7, and 9 

with trigram feature selection 

Based on the results of measuring the level of accuracy, precision, and recall from 
the modeling carried out on the training data using the bigram selection feature described 

in Figure 4 above, it can be explained that k = 5 is the best nearest neighbor value in the 

compiled modeling. This is evidenced by the values of accuracy, precision, and recall which 

has higher values than the other k values of neighbors. 

77.32

83.75
81.79

80

76.33

85.73 84.29 83.19

77.37

79.34
76.59

74.1

65

70

75

80

85

90

k = 3 k = 5 k = 7 k = 9

Bigram

Accuracy Precision Recall

52.14
68.22 66.25 6569.99
79.91 80.94 79.5

60.57 58.78 56.38 54.46

0

20

40

60

80

100

k = 3 k = 5 k = 7 k = 9

Trigram

Accuracy Precision Recall



Mantik ISSN 2685-4236 (Online)  

Riska Dwi Ayu Lestari, Application Of N-Gram On K-Nearest Neighbor Algorithm To Sentiment 
Analysis Of TikTok Shop Shopping Features 

3003 

2. Testing  

The test is carried out on the test data with a portion of 20% of the initial data 

partition. The following are the results of measuring the level of accuracy, precision, and 

recall of test data from the k nearest neighbor method which are presented in table 1 below. 
 

Table 1. Measurement of accuracy, precision, and recall on the prediction results of K-NN 

 Unigram Bigram Trigram 
 Accuracy Precision Recall Accuracy Precision Recall Accuracy Precision Recall 

Positive 0.91 0.9 0.97 0.85 0.81 1 0.69 0.68 1 
Negative  0.93 0.8  1 0.57  1 0.12 
 

 0.92 0.89  0.91 0.79  0.84 0.56 

 

Based on the results of measuring the level of accuracy, precision, and recall from 
the testers who were carried out on test data using the unigram, bigram, and trigram 

selection features presented in table 1 above, it can be explained that the unigram selection 

feature is the best. This is evidenced by the values of accuracy, precision, and recall which 

has higher values than other selection features. 

3.2 Implementation Of K Nearest Neighbor And Undersampling Method 

The condition of the data that is considered unbalanced is balanced using the 

undersampling technique and the algorithm used is a near-miss. The undersampling 
technique trims the majority data to have the same amount as the minority data. The 

results of this application obtained a total of 402 data with 201 positive data and 201 

negative data conditions.  

1. Modeling 

The modeling was carried out using a k-fold cross-validation scenario with a value of 

k = 10. This modeling scenario was also carried out on three selection features, namely 
unigram, bigram, and trigram. 

a. Unigram 

Based on the modeling results in the k-fold cross-validation scenario on training data 
with the unigram selection feature, it is shown in Figure 5 below. 

 

 
 

Figure 5. The average value of accuracy, precision, and recall on nearest neighbor k = 3, 5, 7, and 9 

with unigram feature selection on undersampling data 

Based on the results of measuring the level of accuracy, precision, and recall from 

the modeling carried out on the training data after the undersampling technique was 
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implemented using the unigram selection feature described in Figure 5 above, it can be 

explained that k = 7 and 9 are the best closest neighbor values in the modeling that is 

compiled. This is evidenced by the values of accuracy, precision, and recall which has 

higher values than the other k values of neighbors. 
 

b. Bigram 

Based on the modeling results in the k-fold cross-validation scenario on the training 
data with the unigram selection feature, it is shown in Figure 6 below: 

 

 
 

Figure 6. Average acquisition of accuracy, precision, and recall values at nearest neighbor k = 3, 5, 
7 and 9 with bigram feature selection on undersampling data 

 

Based on the results of measuring the level of accuracy, precision and recall from the 

modeling carried out on the training data after the undersampling technique was 
implemented using the bigram selection feature described in Figure 6 above, it can be 

explained that k = 5 is the best nearest neighbor value in the modeling that is compiled. 

This is evidenced by the values of accuracy, precision, and recall which has higher values 
than the other k values of neighbors. 

 

c. Trigram  

Based on the modeling results in the k-fold cross-validation scenario on training data 

with the unigram selection feature, it is shown in Figure 7 below. 

 

 
 

Figure 7. Average acquisition of accuracy, precision and recall values at nearest  neighbor k = 3, 5, 

7, and 9 with trigram feature selection on undersampling data 
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Based on the results of measuring the level of accuracy, precision, and recall from 

the modeling carried out on the training data after the undersampling technique was 

implemented using the trigram selection feature described in Figure 7 above, it can be 

explained that k = 3 is the best nearest neighbor value in the compiled model. This is 
evidenced by the values of accuracy, precision, and recall which has higher values than 

the other k values of neighbors. 

 
2. Testing  

The test is carried out on the test data with a portion of 20% of the initial data 

partition. The following are the results of measuring the level of accuracy, precision, and 
recall of test data from the k nearest neighbor method which are presented in table 2 below. 

 
Table 2. Measurement results on the k nearest neighbor test using the undersampling data model 

 Unigram Bigram Trigram 
 Accuracy Precision Recall Accuracy Precision Recall Accuracy Precision Recall 

Positive 0.87 0.86 0.96 0.75 0.92 0.9 0.51 1 1 
Negative  0.9 0.71  0.59 0.67  0.42 0.25 

  0.88 0.84  0.76 0.79  0.71 0.63 

 

Based on the results of measurements of the level of accuracy, precision, and recall 
from the examiner carried out on the test data using the unigram, bigram, and trigram 

selection features presented in table 2 above, it can be explained that the unigram selection 

feature is the best. This is evidenced by the values of accuracy, precision, and recall which 

has higher values than other selection features. 

4. CONCLUSION 

Based on the research results obtained, here are some things that can be concluded from 
a series of processes carried out: from the application of the N-gram selection feature, the 

unigram is the selection feature that has the best performance compared to the bigram 

and trigram selection features. This is based on the results of modeling that the unigram 
selection feature has the highest accuracy, precision, and recall with the highest average 

accuracy value of 89.82%, the highest average precision value of 90.54, and the highest 

recall average value of 87.37%, based on the results of modeling performed on each nearest 

neighbor k = 3, 5, 7, and 9, k = 3 is the best model for the nearest neighbor value. This is 
based on the results obtained by an average accuracy of 89.82%, an average precision of 

90.54%, and an average recall of 87.37%, based on the modeling performed on the data 

before the undersampling technique was implemented, the highest average value was 
89.82%, the highest average precision value was 90.54% and the highest recall average 

value was 87.37%. While the test results obtained the highest accuracy measurement of 

91%, the highest precision of 0.92%, and the highest recall of 0.89%. Based on the 
modeling carried out on the data after the undersampling technique was implemented, the 

highest average value was 89.3%, the highest average precision value was 89.84% and the 

highest recall average value was 89.27%. While the test results obtained the highest 
accuracy measurement of 0.87%, the highest precision of 0.88%, and the highest recall of 

0.84%. So it can be concluded that the initial data before the undersampling technique 

was implemented had better modeling and testing results. 
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