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Abstract - Tradingview is the most widely recognized 

social network platform for stock and digital asset 

trading, which a number of investors access to share 

their thoughts on investments each day. The present 

study sought to analyze contents published in the “Ideas” 

forum on Tradingview from November 2021 – October 

2022 using topic modeling through Latent Dirichlet 

Allocation (LDA). The results demonstrated that 9,553 

texts drawn from Tradingview’s Ideas were classified 

into six topics about digital asset trading. Based on the 

hypothesis and the prediction, it was found that the most 

shared idea, particularly 3,354 texts, concerning trading 

strategy and risk/profit, followed by 3,101 about trend 

line, high/low price pattern, and support/resistance. The 

number of texts on both topics accounted for 67.56%. It 

can be implied that investments in digital assets require 

good strategies, risk management, analysis of price 

trends, and knowledge of support and resistance. 

Identifying significant words and topics using LDA 

uncovers a larger number of words latent in the texts 

than hypothesiz.   

 

Index Terms - digital assets, crowd idea user, topic 

modeling; Latent Dirichlet Allocation, digital trading, 

trading ideas 

INTRODUCTION 

In general, digital assets refer to anything which is created 

and stored digitally, is identifiable and accessible, and has 

values or can be priced. Information, images, videos, and 

written content digitally recorded are regarded as digital 

assets with ownership and possession rights. Certain types of 

digital assets, such as corporate brands, may possess 

monetary or intangible values. On the other hand, the others, 

such as photos on a mobile phone, are created by a person. 

There had been no channels to generate incomes from such 

assets legally and safely. Later, with the technological 

emergence of blockchain and cryptocurrency in 2009, a 

novel idea about digital assets emerged. Specifically, 

anything in the digital format can be valued for its monetary 

value through tokenization on blockchain [1]. Simply put, 

digital assets are electronic data which hold values just as 

general assets and are intangible in nature. Their ownership 

can be traded without middle-persons or intermediaries on 

an electronic network commonly referred to as a public 

blockchain, allowing any individual to access information 

and conduct transactions. Each transaction on a blockchain 

system is recorded, thus being immutable and indelible. As a 

result, this system is deemed highly secure. Hence, those 

wishing to make investments or purchase goods or services 

can carry out transactions through a blockchain system with 

cryptocurrency or digital tokens to establish individual rights 

[2, 3].   

Digital assets are indeed regarded as a product for 

investment which has been growing in popularity among the 

public. According to Coinmarketcap, the market 

capitalization is approximately USD 1.7 trillion. Currently, 

there are over 18,000 digital coins in the world, more than 

480 markets to attract investors to trade, and upwards of 300 

million investors across the globe using or trading 

cryptocurrency [4]. In Thailand, there are roughly 2.7 

million active accounts on the stock exchange [3]. In 

addition, Statista Digital Economy Compass estimates that 

around 4 million Thai people possess digital assets while 

upwards of 5.65 million hold NFTs (non-fungible tokens) 

[5]. As reported by the world’s top-ranking blockchain data 

analytics company Chainanalysis, Thailand ranks 12th 

among the countries where cryptocurrency is well-known 

and accepted [6]. Additionally, in Digital 2022: Global 

Overview Report, it is mentioned that Thai internet users 

holding cryptocurrency account for 20.1%, ranking the first 

for the highest number of cryptocurrency holders in the 

world, as depicted in Figure 1 [7]. 
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FIGURE 1 

OWNERSHIP OF CRYPTOCURRENCY REPORT  

 

Retail investors are required to learn about and stay 

abreast of financial news in order to make effective 

investments. It is undeniable that social media serve as one 

of the crucial channels which people use to exchange ideas 

and enhance knowledge about trading, contributing to the 

emergence of many investor communities on social media. 

Among many platforms, Tradingview is recognized as the 

social trading platform with tremendous popularity, with 10 

million users per month from 150 countries worldwide. This 

platform provides tables of asset values, such as foreign 

currency exchange rates and stock price databases from 

stock exchanges worldwide, namely the United States of 

America and leading markets in Europe and Asia. Its 

distinguishing features lie in the fact that a graph can be 

displayed on a browser instantly without any application, 

iOS and Android-supported applications are available to 

allow for ease of use among traders, a variety of technical 

tools and indicators are provided, and users are allowed to 

write scripts and simulate trading. Most importantly, 

Tradingview is a social network where investors, as users 

worldwide, can post their graphs to share their trading ideas 

on which other users are allowed to share their opinions, and 

the users can follow whom they admire. The “Ideas” forum 

on the platform enables investors to capture the market 

direction, collect ideas in Idea Stream, and draw on those 

ideas to form an idea for intraday trading or review their 

trading processes and share them publicly with other traders 

or their followers [8]. Thus, contents in the “Ideas” forum on 

Tradingview contain useful information in relation to 

technical analysis, investment factors, investment mindsets, 

and price predictions as in an uptrend and a downtrend. 

Topic modeling is a technique for constructing a data 

distribution model through natural language processing to 

categorize data. It can identify a pattern of words and 

phrases in the contents of documents and classify similar 

words to determine the characteristics of the data set. Topic 

modeling is grounded on the notion that the contents of the 

documents are created through a combination of various 

topics, each of which has a probability distribution of many 

words occurring in that particular topic [9]. This technique is 

commonly implemented through Latent Dirichlet Allocation 

(LDA) in order to extract and categorize words in each latent 

topic in respective order; taking into consideration the 

relationship and consistency of words in the latent topic will 

help specify topics and provide a description of what is 

contained in the contents of the documents [10, 11]. Prior 

research shows that LDA has been applied to text 

classification to develop a research paper classification 

system [12], to establish the facts of news through 

comparison of facts and news during a certain period [13], 

and to summarize many copies of online news documents to 

enable readers to recognize the intent of such documents 

[14]. It can be clearly seen that LDA has been extensively 

applied to sources of information in different domains and to 

text analysis. 

The present study was intended to analyze the contents 

in the “Ideas” forum on Tradingview, a renowned investor 

community on a social network where sophisticated 

investors worldwide share their ideas about technical 

analysis, investment mindsets, investment factors, and 

directions of investments in digital assets. In particular, topic 

modeling was carried out using LDA. This study was 

conducted in the hope that the results would uncover topics 

and provide descriptions of those topics of the contents 

contained in the so-called social media about investments in 

digital assets. It could be drawn on to develop an ontology 

and forecast the direction of investments in connection with 

trading rates or market conditions of digital assets. 

RELATED WORKS 

Topic Modeling (TM) is a technique for identifying groups 

of words in a corpus of documents or texts constructed for 

text mining for complicated tasks, particularly identifying 

topics in a corpus of documents with a reservoir of data [15, 

16]. It can provide reliable and accurate results through 

different methods of analysis, for example, Probabilistic 

Latent Analysis (PLSA), Latent Semantic Analysis (LSA), 

and Latent Dirichlet Allocation (LDA) [17]. In particular, 

LDA developed by [11] is regarded as a TM algorithm most 

commonly used to extract a set of topics from a large corpus 

of documents since it can produce accurate results. Based on 

previous research, it can be seen that the use of TM for 

investigating topics in documents or texts on social media 

has been growing in popularity since content on such media 

can reflect concepts and views of posting and sharing 

content in diverse dimensions, such as social aspects, 

behavior, politics, and lifestyles, depending on types and 

characteristics of sharing communities. As an example, 

Community Question Answering (CQA), which is becoming 

an important source of information, is a platform in which a 

considerable number of users access to post questions and 

answers. Tian Kochhar proposed an effective method of 

predicting answers for new questions on CQA by 

constructing a topic model based on previous questions with 

the answers. Specifically, learning is based on answers using 

a collective voting system in CQA. The study examined a set 

of data obtained from Stack Overflow, one of the largest 

CQA. It was discovered that the effective TM comprised 
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four parts, namely data preprocessing, user profile building, 

user topical interest and expertise learning, and ranking 

model building. It started with building user profiles on 

previously asked questions, including texts and voting 

information, used for learning about the topical interest and 

expertise of users in each topic. The study also proposed a 

ranking model to compute the probability that users were the 

best answerers [18].  

Apart from that, there are other interesting studies on 

TM using LDA. One of them was the development of 

research paper classification systems; keywords from the 

abstract of each paper were captured, and the K-means 

algorithm was employed to classify all of the papers with 

similar topics on the basis of the Term frequency-inverse 

document frequency (TF-IDF) value of each paper [12]. The 

other studies were the construction of topic models for social 

text analysis of short texts on social media [19], analysis of 

research topics and research directions in information 

science through research articles in the national database 

[20], and topic classification from online news documents to 

allow readers to understand the intent of the documents more 

clearly [14]. 

In relation to research on digital assets and investments 

using TM, one study analyzed a cryptocurrency forum to 

understand the contents of conversations in an online 

community. Using LDA, it identified bags of words obtained 

from a popular cryptocurrency forum, user profiles, and 

times; additionally, the use of machine learning enabled the 

study to analyze comments and connections of topics as well 

as to compare them against incidents about cryptocurrency 

[21]. The other study entailed constructing a topic model by 

classifying “topics” from a corpus of short texts, such as 

posts on a social network. The study employed a set of tweet 

data about Bitcoin, trained the model on three topics, and 

evaluated the results with different scoring methods. It was 

found that Dirichlet Multinomial Mixture (DMM) was the 

most effective method, so it could be utilized to conduct an 

analysis of Bitcoin effectively [22]. 

Furthermore, with regard to research on stock market 

predictions, one study proposed a method for analyzing 

comments on stock market predictions based on information 

on social media using Topic Sentiment Latent Dirichlet 

Allocation (TSLDA). The results demonstrated that its 

accuracy was approximately 6.07%. Compared to other 

methods, TSLDA was 6.43% and 6.07% more accurate than 

LDA and JST. It was shown that the use of data from posts 

on social media could help increase the accuracy of stock 

market predictions [13]. The other study employed LDA to 

analyze the trends of the stock market based on news on 

Twitter to create news automatically or detect events and 

make predictions. However, there were certain issues arising 

from users’ posts and sharing of inaccurate or irrelevant 

content. Thus, appropriate user selection is essential for 

randomly selecting tweets as the sample for analysis [23]. 

METHODOLOGY 

The analysis of significant words and topic classification in 

the Ideas forum about investments in digital assets through 

topic modeling consisted of three steps as follows: 1) data 

collection, 2) data cleansing and preparation, and 3) topic 

modeling through the LDA model (Figure 2). 

 

 
 

FIGURE 2 

RESEARCH PROCESS ON TOPIC MODELING 

  

As displayed in Figure 2, the initial process involves 

scraping data from the website Tradingview, especially the 

“Ideas” forum about experienced users’ trading. The scraped 

data are saved in the Excel or Comma Separated Values 

(CSV) file format. Afterward, the file is used for data 

cleansing and preparation with three steps: 1) data cleaning, 

2) word tokenization, and 3) stop words. Following that 

process, data are processed in the LDA model. The results 

are clustering of topics and performance evaluation using 

silhouette scores. 

Regarding data collection, a set of data, namely 9,553 

texts, about trading ideas and technical analysis from 

sophisticated traders during the period November 1st, 2021 – 

October 31st, 2022, was imported. The data were collected 

using Selenium and BeautifulSoup for web scraping data 

from the website Tradingview, particularly the Ideas forum 

(Figure 3), and were saved in the xlsx file format (Figure 4). 

 

 

 

 

 

 

 

 

 

 

 

 
FIGURE 3 

SCREEN SHOT OF TRADINGVIEW’S IDEAS 
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FIGURE 4 

EXTRACTED DATA INTO MICROSOFT EXCEL FORMAT 

 

Data preparation was performed using Python for text 

cleaning and word tokenization. Word tokenization was 

executed by running the command newmm, and later stop 

words, i.e., the insignificant or irrelevant words, were 

filtered out using the command PythaiNLP. The process 

started with importing both key modules for developing a 

model (Figure 5) and the file (Figure 6). The data were 

subsequently prepared for topic modeling (Figure 7). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
FIGURE 5 

EXAMPLE OF CODES FOR DATA EXTRACTION FROM 
TRADINGVIEW’S IDEAS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
FIGURE 6 

EXAMPLE OF DATA IMPORTING FILE 

 

 

 

 

 

 

 

 

 

 
FIGURE 7 

EXAMPLE OF DATA PREPARATION AND RESULTS FOR TOPIC 

MODELING OF TRADINGVIEW’S IDEAS 

 

Vectorization of the texts was carried out using the 

Sklearn software named Tfidfvectorizer for feature 

extraction to calculate the frequency of unique words in each 

text which could help identify significant words. The results 

from feature extraction of 9,553 texts were drawn on to 

identify unique words and significant words. Particularly, 

the variables were defined with max_df = 0.5 to filter out 

words occurring in more than 50% of the documents and 

min_df = 10 to remove those available in fewer than 10 

documents. Both the significant words in each text and 

unique words were counted. It was found that there were 

37,572 words in total and 693 unique words. 

Clustering was performed using the LDA technique. 

Specifically, an m-value (number of topics) was assigned to 

each N (documents or texts). The length vector of the m-

value could be found with m substituted by the probability 

distribution of topics in each text. Additionally, the addition 

of vectors to all texts produced an N-by-m feature matrix, 

and topics in each document were labeled (Figure 8). 

The performance of text clustering was evaluated by 

measuring intra-cluster similarity, i.e., members in the same 

cluster and inter-cluster similarity. Based on the following 

equation, the calculation was performed using the silhouette 

coefficient through the software Sklearn named 

silhouette_score. 

 

 

 

                           (1) 

 

a is the average distance between each point in the same 

cluster. 

b is the average distance between each cluster. 

i is the data point. 

Silhouette score S(i) is in the range of [-1, 1]. If the 

score is close to 1, it is good. 
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FIGURE 8 

TOPIC MODELING USING THE LDA MODEL 

 

RESULTS 

The present study sought to analyze significant words and 

classify topics in the Ideas forum using the LDA technique 

developed by Python and Google Colab. 9,553 texts were 

compiled. Clustering was carried out using the K-means 

algorithm, while its performance was measured through the 

silhouette coefficient. The results are reported below. 

In relation to clustering with the K-mean algorithm and 

performance evaluation through the silhouette coefficient, 

the results demonstrated that clustering into six clusters had 

a silhouette score of 0.7395, regarded as the highest average 

score for clustering compared to others (Table 1): 
 

TABLE I 

EVALUATION OF CLUSTER’S DISTRIBUTION USING SILHOUETTE 

COEFFICIENT 

Number of clusters Silhouette coefficient 

2 

3 

4 
5 

6 

7 
8 

9 

10 

0.6834 

0.7197 

0.7062 
0.7110 

0.7395 

0.5793 
0.4361 

0.4443 

0.3725 

 

 
 

FIGURE 9 

SILHOUETTE ANALYSIS OF TOPICS 

 

Figure 9 illustrates the silhouette graph measuring the 

closeness between points in the same cluster and that 

between other clusters. The x-axis represents the silhouette 

values, while the y-axis refers to the number of clusters, with 

6 clusters in particular. The width in the y-axis indicates the 

number of texts in each topic, and the red dotted line shows 

the average silhouette scores. Comparing the average 

silhouette scores, it can be seen that all of the topics had 

close scores. In addition, the graph points out that the 

clustering was good, with a small mix of texts though. LDA 

analysis results which presents keywords grouping and 

dominant topics are shown in Table 2. 
 

TABLE II 

LDA ANALYSIS RESULTS WHICH PRESENTS KEYWORDS 

GROUPING AND DOMINANT TOPICS 

Topic 
No. 

Topic label Keywords Dominant 
topic 

1 

 
 

2 

 
 

 

3 
 

 

4 
 

 

 
5 

 

 
 

6 

make money from 

trade market 
 

stock market, gold 

and investment 
 

 

trading strategy 
and risk/profit 

 

candlestick, chart 
pattern and 

impulse wave 

 
trend, high/low 

price pattern and 

support/resistance 
 

indicator and chart 

analysis 
 

make, market, go, 

money, trader, think, get, 
know, time, people 

stock, market, price, 

gold, option, investor, 
money, year, buy, 

investment 

trade, trading, trader, 
strategy, risk, use, profit, 

time, position, take 

candle, wave, close, 
impulse, body, pattern, 

candlestick, correction, 

triangle, bar 
price, trend, level, high, 

pattern, low, support, 

line, market, resistance 
 

indicator, market, use, 

price, change, period, 
chart, trend, analysis, 

time 

1,491 

 
 

648 

 
 

 

3,354 
 

 

209 
 

 

 
3,101 

 

 
 

750 

 

 

 
FIGURE 10 

AN EXAMPLE OF VISUALIZATIOIN OF LDA TOPIC MODELING 

RESULTS 

 

As shown in Figure 10, the graphs display visualization 

using library pyLDAvis to show the results from the LDA 

model (4D), and PCA was performed to visualize the figures 

in 6 circles. The center of each circle represents the position 

of the topic in the latent feature space, while the distance 

between topics illustrates the degree of similarities between 
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each topic. Additionally, the bar charts on the right-side 

show terms in each topic with reducing relevance; each bar 

specifies the frequency of a particular word, with the blue 

one representing its overall frequency in a corpus and the red 

one showing its frequency in a particular topic. 

DISCUSSION 

The experiment was conducted using Colab to construct a 

model for analysis of significant words and topics from 

9,553 texts. Keywords in each topic were compared to the 

topics hypothesized in this study. Based on the proposed 

hypothesis, 6 topics were as follows: (1) make money from 

trade market, (2) stock market and investment, (3) trading 

strategy and risk/profit, (4) candlestick, chart pattern, and 

impulse wave, (5) trend, price pattern and support/resistance, 

and (6) indicator and chart analysis. The results are 

presented below with the comparison between the 

hypothesis and the prediction of topic modeling and analysis 

of significant words in each topic (Figure 11). 

 

 Topic 1 concerned making money from the trade market 

with the following relevant terms: make, market, go, 

money, trader, think, get, know, time, and people. 

 Topic 2 was about the stock market, gold, and 

investment, which related words were stock, market, 

price, gold, option, investor, money, year, buy, and 

investment. 

 Topic 3 was related to trading strategy and risk/profit 

with related words: trade, trading, trader, strategy, risk, 

use, profit, time, position, and take. 

 Topic 4 concerned candlestick, chart pattern, and 

impulse wave with the following relevant words: 

candle, wave, close, impulse, body, pattern, candlestick, 

correction, triangle, and bar. 

 Topic 5 was about trend lines, high/low price patterns, 

and support/resistance with the related words: price, 

trend, level, high, pattern, low, support, line, market, 

and resistance. 

 Topic 6 was related to indicator and chart analysis with 

the following relevant words: indicator, market, use, 

price, change, period, chart, trend, analysis, and time. 

 

 

 

 

 

 

 

 

 

 
FIGURE 11 

COMPARISON BETWEEN THE HYPOTHESIS AND THE 

PREDICTION OF TOPIC MODELING 

 

The analysis of the hypothesis and the prediction showed 

that the users most frequently shared ideas in Topic 3, with 

3,354 texts; the majority of the users considered that trading 

strategy and risk/profit was the most popular topic. That is 

followed by Topic 5, with 3,101 texts, in relation to the trend 

line, high/low price pattern, and support/resistance. Both of 

the topics accounted for 67.56%. This can be implied that 

investments in digital assets require good strategies, risk 

management, analysis of price patterns, and knowledge of 

support and resistance. The analysis of significant words and 

topics in the texts through the LDA technique showed a 

larger number of words latent in the texts than hypothesized 

 

RECOMMENDATION 

 The present study adopted only a single method, so 

other methods may analyze significant words and topics 

more effectively. 

 During data preparation, incorrect words were not 

corrected, so they were filtered out in the word 

tokenization process. Therefore, correcting those 

incorrect words may contribute to identifying more 

significant words or analyzing topics more accurately. 

 In this study, there were no experts, particularly 

sophisticated users, to help interpret the results to 

measure the accuracy of the prediction of topic 

modeling. Thus, the cooperation from the experts will 

help ensure more effective topic modeling or increase 

the accuracy of performance evaluation. 

 This model can be improved and applied to the analysis 

of people’s opinions to predict the prices of assets and 

determine a set of ideas for future research. 
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