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Abstract 

This study analyzed the sentiment of the constituent news of the LQ45 index on its index 

movement by considering the news intensity. Two Sentiment analysis methods are used in this 

study. The Loughran and McDonald's dictionary as a measure of financial sentiment, then 

TextBlob sentiment analysis as a measure of general sentiment. We found that news intensity 

decreased during the financial crisis. Interestingly, news intensity increased significantly after 

the Covid-19 crisis. Then the constituent news sentiment has a relatively strong correlation with 

the index movement. Through linear regression analysis, the evidence suggests that the effect of 

sentiment on index returns is more significant when news intensity increases. Derived from these 

findings, we concluded that news sentiment is one of the unignorably price-forming factors in 

further analysis.  

Keys: Sentiment Analysis, News Intensity, Price Movement, Correlation Analysis, Linear 

Regression 

 

1. Introduction 

One of the crucial prices forming instruments in the capital market is the information received by the 

investors [9]. Empirical studies have shown that current market prices reflect the latest published 

information [3]. In order to achieve a reasonable price, the interaction between buyers and sellers in the 

capital market influenced the stock price movement. Supply and demand are strongly influenced by 

circulating information such as news. In order to transform news information, we can calculate the 

sentiments or nuances contained in it. 

Many studies have proven that sentiment affects stock price movements [5]. Then [14] and [12] 

concluded that sentiment in the news is positively related to stock price movements. However, the 

impact of sentiment on changes in stock prices frequently does not occur immediately [1]. Moreover, 

through news exploitation from a broader data source, the accumulation of sentiment can serve as an 

early warning sign of a financial crisis [10]. In wider use, news sentiment analysis even can be used to 

predict stock price movements [13]. With the help of topic detection, [4] could improve prediction 

accuracy. Surprisingly, [8] found that news sentiment from other related companies can predict the 

prices of other companies. 

However, these mentioned studies did not consider the intensity of the news. As is well known in the 

current digitalization era, the speed of dissemination and the volume of information growth has 

increased significantly. Especially text form information is verily easy accessible so that investor 
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responses will be faster and prices will adjust immediately [3]. Therefore, it is crucial to research 

whether news intensity influences the impact of news sentiment on price movements. Due to limited 

news data on the Indonesian capital market, this study constructed the constituent news of the LQ45 

index. As far as our observation, this study is the first to consider news intensity to analyze the impact 

of constituent index news sentiment on index price movements. 

Based on the data we obtained, we found a significant increase in the intensity of LQ45 constituent 

news. This intensity comes mostly from large-capitalization enterprises. Then in terms of sectoral, 

finance and mining were the two sectors with the highest intensity. Furthermore, this study evaluates 

the impact of LQ45 constituent news sentiment on LQ45 index price movements in two different 

intensity conditions. The study found that sentiment had a more significant impact when news intensity 

increased through correlation and linear regression analysis. 

3. Methods 

3.1. Data 

There are many textual data sources such as online news portals, blogs, and even social media to perform 

sentiment analysis. However, we limit our search in this study to the Refinitiv Eikon only. Assuming 

that the news listed on the site has good credibility, thus it provides data reliability. Then, we also limit 

our sample only to English news, considering the sentiment analysis commonly constructed for English 

texts. We used all the news available on the site, which can be accessed directly on Refinitiv Eikon or 

need to be traced to third-party websites. 

In this study, we analyze the news constituents of the LQ45 index. We consider the LQ45 index because 

it is an index that contains 45 groups of stocks with the highest capitalization and liquidity. Since there 

is an index rebalancing made by Indonesia Stock Exchange (IDX) every six months, we used 61 

enterprises' news data that have been in the LQ45 index for five years, from January 2017 to October 

2021 (see appendix 1). We cannot start the sample before 2017 because of Refinitiv Eikon's data 

unavailability. From the 61 enterprises news data we obtained, 30 enterprises have been in the index for 

at least four years, 20 enterprises have been in the index for at least two years, and 11 enterprises have 

been in the index for at least one year. Then, we manually deleted unrelated news to the specific 

enterprise in the news collection process. Occasionally, unrelated news occurred because of the 

similarity of the ticker or enterprise names. We obtained a total of 2964 news. Subsequently, we perform 

preprocessing procedure to remove all punctuation marks, numbers, and non-English words. 

After that, we build the LQ45 index constituent news by combining each enterprise news published 

when the enterprise was in the LQ45 index. Due to the limited data we obtained, we conducted a monthly 

time frame analysis by combining all constituent news published in the same month. Lastly, we obtained 

LQ45 index data from yahoo finance. 

3.2 Methodology 

The empirical analysis in this study analyses the influence of news intensity on the relationship between 

LQ45 index constituent news sentiment and its index movement. Sentiment analysis intends to extract 

opinions and nuances carried in a text. In conducting sentiment analysis, there are two approaches, the 

first is to use lexicon-based (dictionaries), and the second is to use machine learning [3]. In this study, 

we use two lexicon-based sentiment analysis approaches. Firstly, updated financial-specific sentiment 

dictionary from [7]. The establishment of this dictionary is based on the fact that [6] found that 73.8% 

of negative words from the Harvard Sentiment Dictionary are not negative in a financial context. The 

sentiment dictionary is formed based on 10-K company reports on financial performance. Using this 

dictionary is assumed to describe sentiments in standard financial official documents. This dictionary 

consists of 354 positive words and 2396 negative words. In this study, the sentiment score based on this 

method is named financial sentiment, denoted by 𝐿𝑀𝑇 (Loughran and McDonald tone). 𝐿𝑀𝑇 value can 

be calculated as shown in equation (1). We tend to divide the relative number of sentiment words by the 
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total words in the news like [10] to consider the size of the news instead of merely dividing with the 

number of positive and negative words. 

𝐿𝑀𝑇 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑓 𝑤𝑜𝑟𝑑𝑠 − 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑓 𝑤𝑜𝑟𝑑𝑠

𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑛𝑒𝑤𝑠
 (1) 

However, [16] showed that Loughran and Mcdoland's dictionaries were less effective in handling 

informal texts. Therefore, this study also considers using TextBlob sentiment analysis, a more general 

sentiment analysis. For example, [2] used TextBlob to analyze public sentiment on Covid-19, [11] on 

the Covid-19 vaccine, and [15] analyzed the sentiment of public reactions to scientific research. Then, 

the sentiment score based on this method is named general sentiment, denoted by 𝑇𝐵𝑃 (TextBlob 

Polarity) which the value will range between [-1, 1]. 

Furthermore, we found that the news's intensity increased after the covid-19 case based on our obtained 

data. Thus we conduct two intensity condition analyses, pre-Covid-19 case, and post-Covid-19 case. We 

used Pearson correlation to find the relationship between news sentiment and the LQ45 index movement 

like [10]. The usage of Pearson correlation is intended to measure the linear relationship between two 

data, which the following equation can calculate its coefficient: 

𝜌(𝑥, 𝑦) =
∑ (𝑋𝑖 − 𝑋̅)(𝑌𝑖 − 𝑌̅)𝑛

𝑖=1

√∑ (𝑋𝑖 − 𝑋̅)2𝑛
𝑖=1 √∑ (𝑌𝑖 − 𝑌̅)2𝑛

𝑖=1

 
(2) 

The 𝜌 value will range between [-1, 1]. When it is positive (negative), the two data move in the same 

direction (opposite direction)—the greater the coefficient value, the stronger the linear relationship. 

Meanwhile, there is no linear relationship between two data when the value is zero. Therefore, we use 

Pearson correlation to determine how strong the relationship between two intensity conditions. 

Finally, we use a simple linear regression equation with OLS estimation to investigate the impact of 

news sentiment on the LQ45 index movement like [1] research. We included six months lagged variable 

to examine the influence of previous news sentiment. Then, the model for financial sentiment can be 

seen in equation (3) and for the general sentiment in equation (4). 

𝑟𝑡 = 𝑐 + ∑ 𝛽𝑖𝐿𝑀𝑇𝑡−𝑖

6

𝑖=0
+ 𝜀𝑡 (3) 

𝑟𝑡 = 𝑐 + ∑ 𝛽𝑖𝑇𝐵𝑃𝑡−𝑖

6

𝑖=0
+ 𝜀𝑡 (4) 

Where 𝑟𝑡 is a return of index LQ45 as an endogenous variable. Then 𝐿𝑀𝑇 and 𝑇𝐵𝑃 are financial 

sentiments and general sentiments, respectively, as an exogenous variable. Lastly, 𝜀𝑡 is the term error 

of the linear regression.  

4. Results and discussion 

This section tries to analyze the sources of increasing news intensity. Then we see a linear relationship 

between news sentiment and the price of the LQ45 index. Finally, we try to see whether sentiment 

impacts the LQ45 index. 

4.1 News intensity and its source 

Figure 1 shows the news intensity from January 2017 to October 2021. It shows that news intensity has 

decreased twice in Q3 2017 and Q1 2020. This phenomenon coincided with two crises that occurred. 

The first is the Turkish crisis, and the second is the crisis caused by the Covid-19 case. However, what 

is interesting is that post-Covid-19, the intensity of news has increased significantly. 

Figure 2 shows the news intensity of the LQ45 index constituents after classification based on 

capitalization size. We divided into three classes of capitalization: an enterprise with high, medium, and 



 

 

PROCEEDING BOOK  

The 5th International Conference on Business, Economics, Social Sciences, and Humanities 2022 

ISSN: 2830-0637 

low capitalization, which 33%, 33%, and 34% proportion respectively from 61 enterprises. In Figure 2, 

it can be seen that the high capitalization contributed to the highest news intensity, followed by medium 

and low capitalization. In comparison, the intensity of news on medium and low capitalization is not too 

different. Nevertheless, it can be concluded that the higher the market capitalization, the higher the 

intensity of the news. 

 
Figure 1. Monthly number of news in constituent LQ45 

 

Pre-Covid-19 Post-Covid-19 

  
Figure 2. Monthly constituent LQ45 news intensity based on the capital classification 

 

 
Figure 3. Constituent LQ45 news intensity based on sector classification 

Furthermore, figure 3 shows the news intensity of the LQ45 index constituents classified by sector. In 

order to classify sectors, this study refers to the Jakarta Stock Industrial Classification (JASICA) by 

IDX. In figure 3, it can be seen that the news intensity of all sectors generally increases except in 2019. 

In addition, if we look in more detail, the pattern of increasing intensity of each issuer is approximately 

the same for each year. However, there is an attractive phenomenon where the mining sector had the 
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highest intensity from 2017 to 2019. Then, from 2020 to 2021, the financial sector has the highest 

intensity. These intensity shifts indicate that investors' attention to the financial sector increased due to 

the emergence of digital banking issues. 

4.2 Constituent news sentiment and price movement 

We calculated the sentiment score according to the methodology described in section 3. This study uses 

two sentiment measurements that are financial sentiment (𝐿𝑀𝑇) and general sentiment (𝑇𝐵𝑃). Figure 4 

shows the movement of news sentiment value from January 2017 to October 2021, which is juxtaposed 

with the price movement of the LQ45 index. This figure shows that LMT and TBP can be assumed to 

have joint movement with the LQ45 index price. 

 

 
Figure 4. Financial sentiment, general sentiment, and index LQ45 price movement 

4.2.1 Correlation between LQ45 index and constituent news sentiment 

Table 1 shows the correlation between the LQ45 index and the return of the LQ45 index (𝑟) towards 

news sentiment and its lag in the pre-Covid-19 period, which is known to have less news intensity. The 

table shows that the correlation between LQ45 and sentiment is quite significant, indicating that the 

sentiment indicator can be an indicator to predict index price movements. The correlation between LQ45 

and sentiment is generally more significant at 𝑡 − 1 than at 𝑡 + 1. Thus, it indicates that sentiment can 

be an indicator that explains changes in index prices and determines future index price movements. 

However, not vice versa, the LQ45 index does not significantly influence determining sentiment in the 

future. Furthermore, if we see that return has a more significant correlation with sentiment at 𝑡 + 1 than 

sentiment at 𝑡 − 1. It means the return value can explain or influence changes in sentiment in the future. 

Table 2 shows the correlation between the LQ45 index and the return of the LQ45 index (𝑟) towards 

news sentiment and its lag in the post-Covid-19 period when the news was more intense. The table 

shows that the correlation value between LQ45 and sentiment is more significant than in the pre-Covid-

19 period. In addition, the correlation value of LQ45 with sentiment at 𝑡 − 1 appears to be greater than 

at 𝑡 and 𝑡 + 1. The correlation value shows that the sentiment value can be helpful as a leading indicator 

of LQ45. The high correlation between LQ45 and sentiment at time 𝑡 means that sentiment can explain 
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changes in the price of LQ45. However, since the correlation between LQ45 and 𝑡 + 1 sentiment is not 

too significant, LQ45 does not significantly affect sentiment in the future. 

Table 1. Correlation between the index and return LQ45 to the sentiment 

along with its lag (pre-Covid-19) 

  LMT(-1) LMT LMT(+1) TBP(-1) TBP TBP(+1) 

LQ45 0.338 0.498 0.382 0.532 0.514 0.270 

r -0.276 0.087 0.349 0.008 0.288 0.308 

Note: notation (-1) means 𝑡 − 1, and (+1) means 𝑡 + 1 

 

Table 2. Correlation between the index and return LQ45 to the sentiment 

along with its lag (post-Covid-19) 

  LMT(-1) LMT LMT(+1) TBP(-1) TBP TBP(+1) 

LQ45 0.678 0.506 0.209 0.596 0.458 0.266 

r 0.068 0.043 0.146 -0.042 0.064 -0.101 

Note: notation (-1) means 𝑡 − 1, and (+1) means 𝑡 + 1 

Furthermore, the correlation value between return and sentiment at time 𝑡 − 1 and t is relatively small 

but quite significant at time 𝑡 + 1, which means that the sentiment value at the next time has a linear 

relationship between return sentiment. However, this relationship is less significant than in the pre-

Covid-19 case. 

4.2.2 Impact constituent news sentiment toward the LQ45 index 

In the previous section, it was shown that the LQ45 index correlates with the sentiment. In this section, 

we employed a linear regression model to determine the impact of sentiment on the LQ45 index price 

movement. We use the return of the LQ45 index as the endogenous variable. Then sentiment value as 

the exogenous variable. The methodology section shows the linear regression model in equations (3) 

and (4). 

Table 3 

Estimation result of financial sentiment model 

  pre-Covid-19 post-Covid-19 

C -0.001 0.001 

LMT 0.130 -0.083 

LMT(-1) -0.083 0.116 

LMT(-2) -0.004 -0.232* 

LMT(-3) -0.056 0.054 

LMT(-4) -0.067 0.336** 

LMT(-5) -0.088 0.053 

LMT(-6) 0.048 -0.573*** 

R-squared 0.172 0.687 

Note: Notation (-1) means 𝑡 − 1, and so on. 

Then *, **, *** denote 10%, 5%, 1% level of 

significance respectively. 

Table 3 shows the financial sentiment coefficient toward the LQ45 return in the pre-Covid-19 and post-

Covid-19 periods. The table shows that financial sentiment has no significant impact on LQ45 return 

for the pre-Covid-19 period. However, the financial sentiment significantly impacts LQ45 return for the 
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post-Covid19 period. The LMT(-2) and LMT(-6) have a negative impact, while LMT(-4) has a positive 

impact. Then, based on the R-squared value, the financial sentiment performs better in explaining LQ45 

return in the post-Covid-19 period than pre-Covid-19. Since the news intensity was higher in the post-

Covid-19 period, it indicates that the increased news intensity leads to better capability of financial 

sentiment in explaining the LQ45 index movement. 

Table 4 

Estimation result of general sentiment model 

  pre-Covid-19 post-Covid-19 

C 0.000 0.006 

TBP 0.046 -0.046 

TBP(-1) -0.004 -0.037 

TBP(-2) -0.024 0.218* 

TBP(-3) 0.031 0.120 

TBP(-4) -0.05* -0.233* 

TBP(-5) 0.010 -0.159 

TBP(-6) -0.017 0.054 

R-squared 0.258 0.454 

Note: Notation (-1) means 𝑡 − 1, and so on. 

Then *, **, *** denote 10%, 5%, 1% level of 

significance respectively. 

Table 4 shows the general sentiment coefficient toward the LQ45 return in the pre-Covid-19 and post-

Covid-19 periods. The table shows that general sentiment has one significant coefficient for the pre-

Covid-19 period: TBP (-4), which gives a negative impact. However, the financial sentiment has two 

significant coefficients for the post-Covid19 period. It is shown that TBP(-2) has a positive impact and 

TBP(-4) has a negative impact. Then, based on the R-squared value, the general sentiment performs 

better in explaining LQ45 return in the post-Covid-19 period than pre-Covid-19. Since the news 

intensity was higher in the post-Covid-19 period, it indicates that the increased news intensity leads to 

better capability of general sentiment in explaining the LQ45 index movement. 

 

6. Conclusion 

This study analyzes the relationship between LQ45 index constituent news sentiment and its index 

movement on two intensity conditions since we found that the intensity of the news increased drastically 

after the Covid-19 first case. We found that enterprises with large capitalization accounted for the most 

significant LQ45 index constituent's news components regarding the news intensity source. The mining 

sector had the highest intensity until 2019, then the intensity of the financial sector increased drastically 

from 2020 beyond the mining sector. This intensity switch could indicate an investor interest shift. 

Furthermore, we found that financial and general sentiment could be a leading indicator for the price 

movement of the LQ45 index based on correlation analysis. Its capability increases in the post-covid-

19 period. Moreover, based on the results of linear regression analysis, we found that news sentiment 

has a more significant impact on the price movement of the LQ45 index in the post-Covid-19 period. Its 

impact does not occur right away on the LQ45 index. Since news sentiment has a better performance in 

the post-Covid-19 period, this finding indicates that sentiment significantly impacts the LQ45 index 

when the intensity is high. 
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Appendix 

Appendix 1 

list of Enterprises in the LQ45 index from January 2017 until 

October 2021 

4 Years   2 years   1 year 

ADRO GGRM PWON   ACES LPKR   AALI 

AKRA ICBP SCMA   ADHI LPPF   BJBR 

ANTM INCO SMGR   BRPT MEDC   BMTR 

ASII INDF SRIL   BTPS SMRA   BUMI 

BBCA INTP TLKM   CPIN SSMS   ELSA 

BBNI JSMR UNTR   CTRA TBIG   LSIP 

BBRI KLBF UNVR   ERAA TKIM   MDKA 

BBTN MNCN WIKA   INDY TOWR   MIKA 

BMRI PGAS     INKP TPIA   PPRO 

BSDE PTBA     ITMG WSKT   WSBP 

EXCL PTPP     JPFA       
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