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 Suicidal individuals frequently share their desires on social media. As a 

result, it was determined that a learning machine for early detection of 

suicide issues on social media was required. This study aims to examine 

Twitter (X) users’ suicide-related sentiment expressions. The results of 

searching X for the keywords ‘suicide’, ‘wish to die’, and ‘want to commit 

suicide’ for 4 months yielded 5,535 tweets. Following the cleaning process, 

2,425 tweets were collected. The findings of labeling with the lexicon-based 

valence aware dictionary and sentiment reasoner (VADER) and Indonesia 

sentiment (INSET) lexicon, which psychologists confirmed, revealed that 

VADER was more accurate (92.1%) than INSET (81.6%). Sentiment 

research reveals negative (86.4%), positive (11.1%), and neutral (2.5%) 

sentiment. Support vector machine (SVM), K-nearest neighbor (KNN), and 

Naïve Bayes modeling results show accuracy above 86%, with SVM having 

the best accuracy (87.65%). Because of its great accuracy, this model can be 

used to identify and analyze suspicious behavior relating to suicide on X. 

Further research is still required, despite the excellent identification of early 

indicators of suicide ideation from social media posts. 
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1. INTRODUCTION 

Suicide is a critical social issue, as approximately 727,000 people commit suicide each year 

worldwide [1], and it is the second leading cause of mortality in persons aged 10 to 34 years [2]. Suicide rates 

in Indonesia tend to rise year after year [3] and puts Indonesia in 15th place among nations with the highest 

suicide rates worldwide [4]. Suicide begins with the intention to commit suicide, followed by complaints of 

exhaustion, questions about the purpose of life, and entrusting people or valuable possessions to others [4] 

Most people with suicidal thoughts steer clear of medical care to avoid social stigma [5]. Ironically, many 

perpetrators update their status on social media before committing suicide as a kind of self-disclosure [6]. 

Teenagers and young adults can talk about suicidal thoughts on social media because it offers anonymity [7]. 

One of the most important steps in seeking help is to disclose suicidal thoughts [8]. Similar reactions can be 

elicited by other users when sharing suicidal thoughts on social media [9]. Even though copycat suicide is 

also influenced by the extensive media coverage of suicide cases [7]. 

Language usage and suicidal thoughts have been linked in several studies [5]. In the weeks 

preceding the suicide, a rise in melancholy tweets was discovered [6]. One important factor in identifying 

suicidal thoughts in X users has been demonstrated to be language framing [10]. The fact that the phrase 

‘want to commit suicide’ is linked to a more severe suicidal intent than ‘desire to die’ reflects this. The 
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amount of fear in posts containing suicidal thoughts was determined by O’Dea et al. [11]. Research shows 

that sentiment analysis for mental health in social media posts using natural language processing (NLP) is 

becoming increasingly common [12], [13]. Early indicators of suicidal ideation can be detected through 

sentiment analysis [5], which can also record user emotions [14]. However, neither psychiatrists nor 

psychologists endorse the studies as validators of the findings. Research on idioms frequently used in suicide-

related social media posts is still deemed necessary. 

In sentiment analysis, lexicon-based and machine learning-based approaches are two of the most 

popular methods. Each strategy has benefits and drawbacks of its own. The lexicon-based approach matches 

words in a text with a list of sentiment words to determine whether a text is positive, negative, or neutral. 

However, the machine learning method relies on a dataset labeled with a particular sentiment to train a 

model. Whereas the machine learning approach works best with large data, the lexicon approach works best 

with smaller data [15]. 

This study uses a hybrid approach of lexicon-based sentiment polarization and machine learning. 

Sentiment polarization is the practice of classifying emotions conveyed in text data into distinct polarities 

(usually positive, negative, and neutral), using lexicon-based with valence aware dictionary and sentiment 

reasoner (VADER), Indonesian sentiment (INSET), and validated by psychologists. INSET performs well as 

an Indonesian emotion lexicon in predicting brief written thoughts’ negative and positive polarity [16]. 

VADER is a rule- and lexicon-based sentiment analysis tool precisely aligned with the sentiment expressed 

on social media [17]. The classification model based on machine learning uses the Naïve Bayes technique, K-

nearest neighbor (KNN), and support vector machine (SVM). Naïve Bayes is a short algorithm based on 

Bayes’ theorem for conditional probability. The Naïve Bayes algorithm assumes that all data is independent. 

The method is assumed to be capable of detecting the dependence on the training features [17]. A SVM is 

essential for an integrated and supervised classification strategy since the training process requires specific 

learning targets [18]. KNN is a method for classifying objects based on their proximity to the item. Despite 

its simplicity, KNN is highly good for categorization [19]. 

Suicide and online behavior research has been undertaken in various countries, including Japan [10], 

Taiwan [20], America [21], and Australia [22]. Similar studies employing Indonesian idioms are still 

regarded as extremely rare in Indonesia. Furthermore, because these idioms change over time, more research 

is required to fully understand them and use them to prevent suicidal thoughts as early as possible. Such 

expressions can only be obtained from social media platforms like X. 

This study examines suicidal attitudes on the social media platform X in Indonesia. Understanding 

X users’ feelings about suicide might provide significant insight into public perceptions, potential risk 

factors, and intervention opportunities. The purpose of this study is to contribute to broader efforts in mental 

health awareness and suicide prevention in Indonesia by analyzing the sentiment of suicide-related X 

messages. 

 

 

2. METHOD  

To establish a viable methodology to monitor suicide ideation, a methodical strategy for gathering, 

evaluating, and interpreting online discussions is necessary. The steps listed below will be taken: 

a. A preliminary investigation was conducted to identify terms typically associated with suicide ideation. 

The process of finding keywords never ends. The more in-depth the study, the more likely it is that 

more terms related to suicidal thoughts will be found. Look over the keyword list and eliminate any too 

broad, too specific, or less relevant. Based on their usefulness, frequency of use, and potential impact on 

suicidal data, certain keywords are more important. The outcome of the preliminary investigation is a 

list of suggested crawlable keywords. 

b. Crawling and scraping information from X using proposed keywords related to suicidal ideation. 

c. Data preprocessing: data must be cleaned, folded into cases, tokenized, filtered, and stemmed before it 

can be analyzed. Cleaning the data to remove any unnecessary characters, symbols, and non-text 

objects. Case folding changes all text to lowercase to facilitate uniform comparisons. To tokenize a text 

means to divide it into tokens or individual words. Common terms (stop words) such as ‘and’, ‘the’, 

‘is’, and so on are deleted during filtering since they typically do not provide useful information to the 

study. Normalization is converting incomplete words, mistakes, and typing errors into words in the big 

indonesian dictionary (KBBI) or by Indonesian enhanced spelling (EYD). While lemmatization changes 

words to their base form (for example, ‘better’ becomes ‘good’), stemming changes words to their 

origin form (for example, ‘running’ becomes ‘run’). It helps to reduce word variations to their most 

basic form. 

d. Sentiment polarization: to ascertain whether a sentiment is positive, negative, or neutral, VADER and 

INSET are used to polarize it. 

e. Visualization and analysis. 
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f. Conduct sentiment analysis to determine the attitude of the content (positive, negative, or neutral). It 

provides insights into public beliefs about suicidal thoughts. 

g. Word clouds are used to graphically represent the terms that appear the most frequently in the data. It 

concisely reviews the most discussed topics, including any positive or negative background. 

h. Then, using 10-fold cross-validation, feature extraction is performed using term frequency-inverse 

document frequency (TF-IDF) to evaluate the association between a word and a document and to assess 

the effectiveness of the model or algorithm. 10-fold cross-validation is a good modeling technique 

because its accuracy findings are less biased than other techniques [23]. 

i. The Naïve Bayes technique, KNN, and SVM are used in the classification model based on machine 

learning sentiment polarization.  

j. The accuracy, precision, recall, and F1-score of the algorithm will be presented. The percentage of 

correct predictions based on the whole data is called accuracy. Precision is defined as the proportion of 

correct positive calculations to total positive calculations. The fraction of correct positive computations 

versus all correct positive data is referred to as recall. Finally, the F1-score contrasts precision and recall 

weighted averages. 

Figure 1 depicts a summary of the stages of this research. 

 

 

 
 

Figure 1. Synopsis of research stages 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Data collection 

The lack of publicly available data on suicide in Indonesia is a barrier. However, with an increasing 

number of people releasing their feelings on social media, it can be used to collect data on the suicide issue. 

X is an excellent primary source for information about mental illnesses, including suicide [10], [18]. 

Finding keywords related to suicide is not a simple task. Search terms for suicide in Google Trends 

show ‘commit suicide,’ ‘how to commit suicide,’ and ‘suicide prevention’ [19], [20]. The use of the idioms 

‘want to commit suicide’ and ‘want to die’ are posts that correlate with suicidal ideation [24]. However, 

wanting to commit suicide shows more seriousness of suicidal intentions [10]. 

Looking at the specific situation in Indonesia, the keywords selected for crawling X data include 

‘suicide’, ‘wish to die’, and ‘want to suicide’. Data was collected for four (4) months, with a total of 5,535 

tweets containing details of suicide (4634), wish to die (900), and want to suicide (100). 

Data cleaning results include case folding (converting data to lowercase and cleaning text), 

tokenizing (cutting strings based on the constituent words), normalization (correction of incomplete words 

and typing errors adjusted for EYD – enhanced spelling), removing stop words, stemming (retrieving basic 

words) and eliminating duplication. Finally, we collected a total of 2.425 tweet data. 
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3.2.  Data analysis 

The clean data was then classified and confirmed by a psychologist using a lexicon based on INSET 

and VADER. The result are in Table 1. Some labeling variations exist between lexicon-based INSET, 

VADER, and experts concerning the suicide data acquired. VADER offered comparable analysis results of 

2,233 data (92.1%) of the total clean data (2,425), while INSET had 1,979 data (81.6%). INSET and VADER 

mislabeled 464 data sets (19.1%). Table 2 shows some examples of discrepancies in labeling findings. 

 

 

Table 1. Data labelling 
Label INSET VADER Expert 

Positive 178 7.3% 190  7.8% 269 11.1% 

Neutral 53 2.2% 6  0.2% 60 2.5% 

Negative 2194 90.5% 2229 91.9% 2097 86.4% 

 

 

Table 2. Example of difference in labeling findings 
# Clean Tweet INSET VADER Experts 

1 bunuh diri sila vaksin (suicide please vaccinate) Negative Negative Neutral 

2 cerita bunuh diri pas sedang live streaming angkat kisah nyata (an actual suicide story that 
was live-streamed) 

Neutral Negative Negative 

3 bunuh diri masuk neraka nder percaya surga neraka hidup nunggu gilir (commit suicide. Go 
to hell and stop believing in paradise. Hell will wait for you) 

Negative Negative Positive 

4 waduch gabole kack orang mati hidup tetep semangat karen sudh masuk senin (it’s Monday, 

so keep your enthusiasm high even when you can't kick the dead) 

Negative Negative Positive 

5 gua pengen mati muda tpi bunuh diri apajalah mati painless aib keluarga su (although suicide 

is a painless death and a shame to the family, I still wish to die young) 

Negative Positive Positive 

 

 

Figures 2 and 3 illustrate the terms that appear most frequently in positive and negative sentiment 

from Tweets respectively. Figure 2(a) positive word cloud and Figure 2(b) negative word cloud, Figure 3(a) 

positive and Figure 3(b) negative sentiments. Figures 3 and 4 show that while the words suicide are the same 

(equally prevalent in both positive and negative word clouds), the diction that goes with them differs. The 

phrasing accompanying it in the negative word cloud is wishing to die; however, in the positive word cloud, 

the diction accompanying it is Allah as an incentive to live. 

 

 

  
(a) (b) 

 

Figure 2. Word cloud positive and negative sentiment: (a) positive word cloud and (b) negative word cloud 

 

 

3.3.  Classification performance 

The cleaned data is then modeled with Naïve Bayes, SVM, and KNN. The results show that SVM 

(87.65%) has the highest level of accuracy, followed by KNN (86.83%) and Naïve Bayes (86.21%). The high 

level of accuracy demonstrates that this approach can provide important insight into suicide on X. Figure 4 

shows more comprehensive results from these three algorithms: Figure 4(a) SVM, Figure 4(b) KNN, and 

Figure 4(c) Naïve Bayes. Figure 5 depicts the model evaluation findings, where this matrix compares the 

classification results achieved by the model with the actual classification results. 
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(a) (b) 

 

Figure 3. Words that often appear in (a) positive and (b) negative sentiments 

 

 

   
(a) (b) (c) 

 

Figure 4. Model testing results: (a) SVM, (b) KNN, and (c) Naïve Bayes 

 

 

 

 

 

 
 

Figure 5. Model evaluation results 
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3.4.  Discussion 

Suicide prevention requires early detection and action. Although search engines like Google Trends 

can assist in mapping suicide trends in a given location [19], [25], they cannot identify who has suicidal 

intent. The increasingly widespread expression of emotion on social media, particularly X, can aid in the 

early detection of suicide, particularly among youth. As time passes, idioms about suicide, particularly 

among youth, evolve. Using the keywords ‘suicide’, ‘wish to die’, and ‘want to commit suicide’ is highly 

effective in collecting suicide data from X. 

The use of a lexicon greatly aids labeling. It is merely that because it is related to suicide, a 

psychologist must validate the sentences acquired. VADER is more accurate in the suicide context than in the 

INSET. Further research on other issues is required to obtain recommendations for employing a more 

comprehensive Indonesian lexicon that may be used widely. 

According to the sentiment analysis results, the gathered tweet content included 86.4% negative, 

11.1% positive, and 2.5% neutral content. It demonstrates the seriousness of the suicidal content. Positive 

content, which accounts for only 11.1%, indicates that other X users encourage content uploaders to remain 

passionate about life and remember Allah. Given the harmful impact of openness in the actual world, it is 

argued that decision-makers should make a more serious effort to build channels to support persons who have 

suicidal thoughts. 

The high frequency of specific terms in tweets users send indicates that these words can spark 

suicidal thoughts. Suicidal intent can be shown by using suicide and desiring to die in a negative context. 

Using suicide with life and Allah, on the other hand, can convey motivation to stay alive no matter how 

challenging the problems are. On the other hand, this indicator could imply suicide ideation from public 

view, allowing for early intervention. 

There are several methods for spotting suicidal warning signs on social media. From the collected 

data, some conclusions can be made, including the following: 

− A high degree of suicidal intent is indicated by posts that utilize the terms ‘suicide’ and ‘want to die’. 

This can serve as an early warning sign for suicide attempt prevention [26]. 

− Another early sign of suicidal thoughts is the usage of the word ‘capek’ (tired) which conveys 

sentiments of being a burden (for instance, as a result of illness) [8]. 

− Persistent stress or depression might exacerbate suicidal thoughts [27]. 

− Suicidal thoughts can be a precursor to depression and feelings of guilt and sin. In the presence of 

hopelessness, these suicidal thoughts will become suicidal intentions [28]. 

These results are merely preliminary indications. It has to be investigated further to serve as a 

precursor of suicide intent in social media posts. This is significant since about 6% of people who have 

suicidal thoughts end their lives [29]. 

The modeling results with SVM, KNN, and Naïve Bayes all show accuracy above 86%, with SVM 

having the most remarkable accuracy (87.65%). This high accuracy demonstrates that this model can identify 

or assess suspicious behavior related to suicide issues to carry out prevention and early intervention. 

However, more efforts are required to address the issue of suicide using an association rule mining technique 

to uncover words that frequently appear together about suicide. It will considerably aid in creating more 

effective and relevant preventative and intervention techniques. 
 

3.5.  Comparison with other research 

For the results of this study to be helpful, they must be compared to those of other investigations. 

The advantages and disadvantages of each must be weighed to determine what has to be improved moving 

forward. Refer to Table 3 for a more detailed explanation. 
 
 

Table 3. Comparison with others’ research 
Activities Proposed research Machine classification for suicide ideation 

[12] 

Detecting and analyzing 

suicidal ideation [5] 

Labeling technique Lexicon based (VADER and 
INSET) and validated by a 

psychologist 

Bag of word Word embedding 
Word2Vec 

Classification model SVM, KNN, Naïve Bayes SVM, random forest, decision tree, Naïve 

Bayes, Prism 

XGBoost 

CNN-BiLSTM 

Result SVM (87.65%), KNN (86.83%), 
Naïve Bayes (86.21%) 

SVM (79.25%), random forest (83.33%), 
decision tree (76.25%), Naïve Bayes 

(79.25%), Prism (91.6%) 

CNN-BiLSTM (95%) 

XGBoost (91%) 

Depression 
identification in social 

media post 

- Sentiment analysis (positive, 
neutral, negative) 

- A psychologist’s confirmation 

of suicidal ideation post 

Suicide, non-Suicide, flippant 
 

Suicidal and non-
suicidal 
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4. CONCLUSION 

The keywords ‘suicide’, ‘wish to die’, and ‘want to commit suicide’ reflect X users’ passionate 

outbursts concerning suicide. This keyword is critical to the data crawling process. It verifies prior studies on 

the right keywords for suicide, specifically ‘want to commit suicide’ and ‘want to die’, though with varying 

idioms depending on the language employed. 

A lexicon-based tagging procedure can aid in determining sentiment analysis results. According to 

the psychologist’s validation data, VADER delivered an accuracy of 92.1% in cases of suicide, compared to 

the INSET (81.6%). These findings must be replicated in other circumstances before they can be generalized. 

The phrases ‘suicide’ and ‘want to die’ have negative sentiment connotations. In contrast, suicide 

combined with life and Allah conveys more positive thoughts to remind those considering suicide. 

Unfortunately, the high proportion of negative feelings (86.4%) against positive sentiments (11.1%) implies 

that a few X users are warning and inspiring content uploaders with suicide intentions. 

The high accuracy of all models (>86%) demonstrates that the models can be used to detect suicidal 

behavior. However, more study is needed to uncover phrases that frequently appear together to suicide 

utilizing an association rule mining approach to aid in establishing preventative and intervention measures 

connected to suicidal intentions from content uploaders. 
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