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The Forecasting Power of Twitter Sentiment on 

Future Stock Performance1 
A micro analysis on customer-facing &  

non-customer-facing companies 
 

Yuhui Dai 

Class of 2017 

 

Abstract 

Social media are increasingly reflecting and influencing behaviors of other 

complex systems. In this paper, I investigate whether Twitter's tweet sentiment 

(aka: tweet sentiment) can forecast firm specific stock performances. In 

particular, I compare, in a period of 62 days, tweet sentiment's predictive 

power on stock performance in both customer-facing companies and non-

customer-facing companies. I want to explore whether tweet sentiment 

correlates with individual stock prices and returns differently depending on 

whether the company is customer-facing or non-customer-facing. Therefore, I 

analyze 5 customer-facing companies and 5 non-customer-facing companies. 

My hypothesis is the following: Negative tweet sentiment can more accurately 

forecast individual firm’s future stock performances than positive tweet 

sentiment. Non-customer-facing companies’ stock performances correlate 

with tweet sentiment more significantly than customer-facing companies’ do. 

However, my research finds that in the short term, there is little predictive 

power of tweet sentiment on stock performance at an individual firm level, 

and the Efficient Market Hypothesis holds. 

Keywords: Sentiment, Twitter, Stock Performance 

                                                
1 Special thanks to Professor Christian Haefke for generous mentorship and support. Many 
thanks to Lucas Siga for hosting capstone seminar. 
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1. Introduction 
 Economic researchers have been interested in finding ways to predict 

what will happen in the future. The recent technological revolution with 

widespread presence of computers and Internet has created an unprecedented 

situation of data deluge, changing dramatically the way in which we look at 

social and economic sciences. In business, quantitative analysts started to 

recognize the value of ‘Big Data’ in the recent two decades2. In particular, 

financial investors employ all kinds of means to predict asset values. In 

academia, diverse research communities investigate whether statistical tools 

can create accurate predictions. There are many data modeling techniques 

developed in the fields of financial engineering, operation science, and 

management science and engineering.  

Recently, both investor and customer sentiment data forecasting has 

received significant attention. Investor sentiment is defined as a belief about 

future cash flows and investment risks that are not justified by commercially 

available data (Baker and Wurgler, 2006). Customer sentiment is a statistical 

measurement and economic indicator of the overall health of the economy as 

determined by customer opinions3. Using sentiment data to predict asset value 

movement has become an important topic in both academia and industry. 

Researchers have utilized numerous methods and independent sentiment 

variables to predict future asset prices, such as stock price, commodity and 

precious metal futures. The topic is relatively new, with a significant amount 

of research on behavioral finance conducted within the past decade. Among 

the existing research, there are mainly three categories of sentiment data: the 

media-based sentiment value, the pre-constructed sentiment index, and the 

                                                
2 Lohr, Steve. "The Age of Big Data." The New York Times. February 11, 2012. Accessed 
December 07, 2016. http://www.nytimes.com/2012/02/12/sunday-review/big-datas-impact-in-
the-world.html. 
3 Root. "Customer Sentiment." Investopedia. October 25, 2010. Accessed November 18, 2016. 
http://www.investopedia.com/terms/c/customer-sentiment.asp. 
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self-constructed sentiment proxy. The majority of research focuses on using 

sentiment data to forecast stock market movement with pre-constructed 

sentiment index. 

Among the three categories of sentiment data, the media-based 

sentiment data produce by far the most consistent and promising results. The 

majority of the past research focuses on media-based sentiment’s predictive 

power of aggregate stock movements, such as the movements of S&P 500, 

Dow Jones, and DAX, with a minority focusing on industry specific 

movements, such as in financial sectors and technology sectors.  

Sentiment reflects the level of optimism investors have towards the 

market. The sentiment, no matter driven by rational analysis or irrational 

intuition, is an important factor for us to study. On the one hand, if the 

sentiments are driven by rational analysis of data that are available to the 

investors, they can be used to extrapolate the future performance of the market. 

On the other hand, even if the sentiments are irrational, herding behavior can 

potentially aggregate these sentiments and influence stock volatility. As 

Keynes suggests, investors can make money by predicting how the crowd is 

likely to behave in the future and beat the crowd by doing that first. Therefore, 

I intend to analyze the predictive power of sentiment on stock performance. 

In contrast to the existing literature, my research investigates the 

sentiment data’s predictive power on an individual firm level. The objective of 

this paper is to analyze whether or not the sentiment of Twitter users’ tweet 

content (aka: tweet sentiment) towards specific companies can be an indicator 

of the company’s future stock performances. In particular, I am comparing the 

predictability of tweet sentiment in both customer-facing and non-customer-

facing companies’ stock performances.  

This paper is structured as the following: section 2 summarizes 

existing literature on relevant topics and states my research hypothesis; section 

3 deals with the data collection, variables creation, and methodology used, 

while section 4 highlights sample statistics and results. Lastly, section 5 
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discusses results and potential future improvements. 

 

2. Literature Review 
 Different types of sentiments, both investor sentiment and customer 

sentiment, have been studied worldwide. Although most of the research done 

in this area focuses on the US market, similar studies investigating sentiment 

index’ predictive power on stock prices have been carried out in South Korea 

(Kim and Park, 2015), China (Jiang and Wang, 2009), the UK (Hudson and 

Green, 2015), Germany (Lux, 2010), India (Kumari and Mahakud, 2015) and 

16 other countries (Schmeling, 2009). Overall, it has been found that there is a 

weak relationship between sentiment index and future stock returns. One 

significant discovery is that sentiment tends to be a more important 

determinant of returns in an economic crisis period than at other times. 

However, the direction of the relationship varies from study to study. The 

discrepancy in the results may be explained by different sources of sentiment 

measurements. Across the past literature, researchers usually employ one of 

the following three types of sentiment measurements: the pre-constructed 

sentiment index, the media-based sentiment value, and the self-constructed 

sentiment proxy. 

 

2.1 Pre-constructed Sentiment Index 

Pre-constructed sentiment index includes the sentiment measurements 

offered by third-party organizations, either from academic institutions or the 

research department in business entities. Baker and Wurgler (2006) construct 

six indexes that have been widely used to predict stock values. These indexes 

include market turnover, closed-end fund discount, new equity issuances, 

number of IPOs, first day return on IPOs, and the difference in book-to-market 

ratios between dividend payers and dividend non-payers. Using these six 

indexes, Canbas and Kandir (2009) and Spyrou (2012) observe that stock 

portfolio returns seem to affect all investor sentiment proxies, not the other 
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way around. Mian and Sankaraguruswamy (2012) find that the predictive 

power of sentiment is more pronounced for specific stocks: small stocks, 

young stocks, high volatility stocks, non-dividend-paying stocks, and stocks 

with extremely high and low market-to-book ratios. Furthermore, according to 

Baker and Wurgler (2006), the above-mentioned stocks yield low subsequent 

returns if previous sentiment is high, and yield high subsequent returns if the 

previous sentiment is low. These stocks are characterized as more speculative, 

and thus less persistent, making the valuation of the NPV (net present value) 

more difficult and subjective. Therefore, there is a more significant effect of 

sentiment on these stocks’ performances. 

Commercial research institutes are another source of popular investor 

sentiment data, which researchers can purchase. The sentiment surveys from 

the American Association of Individual Investor (AAII), and Investor 

Intelligence (II) are the most popular sources that researchers frequently 

utilize. These sentiment indexes are obtained from investors’ opinions. II 

tracks the number of market newsletters that are bullish, bearish, or neutral. 

AAII’s investor sentiment survey shows the percentage of investors who are 

market bullish, bearish, or neutral on stocks. Using these measurements, 

which are updated weekly, Wang, Keswani and Taylor (2006) discover a 

lagged result that is similar to Spyrou’s (2012). In addition, Brown and Cliff 

(2004) find that sentiment has little predictive power for near-term future 

stock returns. 

A third source of sentiment data is the Customer Confidence Index 

(CCI) and the Economic Sentiment Index (ESI), which instead of measuring 

sentiment of investors, measure customers’ sentiment towards the market. In 

2006, the University of Michigan’s Customer Confidence Index was validated 

as an effective sentiment measurement tool (Lemmon and Portniaguina, 2006). 

Researchers find contradictory results with these customer-based sentiments. 

Fisher and Statman (2003), by analyzing the relationship between customer 

confidence and stock values from S&P 500 and NASDAQ, find that the CCI 
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has no significant predictive value of stock returns, and tends to follow 

investors’ sentiment. Kadilli (2015) detects an insignificant effect of sentiment 

on future returns during non-crisis times, yet a positive and strongly 

significant effect during crisis times. However, Chung et al (2012) discovers 

the exact opposite effect: the CCI is significantly more correlated to future 

stock returns during economy expansion rather than crisis times. 

 

2.2 Media-based Sentiment Value 

 Both traditional media, including news and message boards, and social 

media such as Twitter and Facebook provide sentiment data that can 

potentially forecast future stock movements. Hautsch and Groß-Klußmann  

(2011), and Lee (2015) utilize Thomson Reuters News Analytics, a popular 

news analytics tool of the Reuters Company, and discover a significant 

positive relationship between news sentiment and future stock returns.  

Sentiment data can be also obtained from online stock message boards. 

An online stock message board, such as the Yahoo Finance Message Board, 

can be used as a herding device to temporarily forecast stock prices 

(Sabherwal, Sarkar and Zhang, 2011). It is discovered that the online traders’ 

credit-weighted sentiment index is positively associated with 

contemporaneous returns but negatively predicts the returns next day and two 

days later. The correlation between contemporaneous returns and sentiment 

index could be explained by the herding behavior among online traders. The 

subsequent negative correlation could be possible reactions to the 

contemporaneous returns. For instance, a significant drop could be due to the 

dumping by influential posters who have originally pumped up the stock. 

After profit has been fully exploited by them and their followers on the 

message board, the stocks return to their fundamental values. Furthermore, 

these messages can help predict market volatility (Antweiler and Frank, 2004). 

During recession, news sentiments yield significant predictive results (Garcia 

2013). However, Kim (2014) disagrees with these results: he finds that at both 
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aggregate and individual level, news sentiment forecasts of future stock values 

are inaccurate.  

Besides acquiring sentiment data from traditional media, social media, 

which reveal customers’ and investors’ thoughts, behaviors and feelings, can 

capture a vast range of events and topics in the market (Sprenger et al, 2014). 

Therefore, they become popular tools for researchers to predict stock 

movements. According to Yu et al (2003), social media has a stronger 

forecasting power of stock performances than traditional media (e.g., news). 

Among them, Twitter stands out as the most frequently analyzed social 

medium to forecast stock values both on an industry level and an aggregate 

market level.  

Bollen et al (2011) uses financial tweets (tweets that use stock tickers 

to specifically discuss financial issues) and their associated investor’s mood in 

order to predict the Dow Jones Industrial Average Index. His team finds that 

the accuracy of the DJIA forecasts could be notably improved by including 

two of the 6 mood dimensions, ‘Calm,’ and ‘Happy,’ rather than ‘Alert,’ 

‘Sure,’ ‘Vital,’ and ‘Kind.’ ‘Hope’ and ‘Fear’ derived from twitter feeds are 

also correlated with Dow Jones, S&P 500 and NASDAQ (Zhang 2011). An 

indicator of Twitter Investor Sentiment and the frequency of occurrence of 

financial terms on Twitter in the previous 1-2 days are found to be statistically 

significant predictors of daily market returns (Mao 2011).  

At an industry specific level, both significant and insignificant results 

are observed. Wu et al (2016) finds that compared with positive emotions, 

firm specific negative twitter sentiment in the financial sector can predict 

future and stock movements. However, in the technology industry, Corea 

(2016) finds that it is not the tweet sentiment that can predict future stock 

returns, but the volume of the tweets subjected to a specific company. 

Similarly, Ranco et al (2015) finds that during peaks of Twitter volume, the 

dependence of tweet sentiment and stock abnormal returns is highly 

significant. 
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2.3 Self-constructed Sentiment Proxy 

 The third category of sentiment data is the self-constructed sentiment 

proxy that has been frequently employed by researchers. These measurements 

include VIX, Put-Call Ratio, TRIN (Simon and Wiggins, 2001), Trading 

Volume, Market Liquidity (Baker and Stein, 2004), among others. 

 

3. Data and Methodology 
Section 2 sums up the existing literature for sentiment analysis 

forecasting. Among the three categories of sentiment data (the pre-constructed 

sentiment, the media-based sentiment and the self-constructed proxy), the 

media-based sentiment generates the most promising results. Among the 

available sub-components of media-based sentiment, Twitter, which offers 

open API (Application Programming Interface)4, become the most feasible 

data source for my research. Using data from Twitter and ten S&P 500 

companies over a two-month period, I hope to explore whether tweet 

sentiment can forecast firm specific stock performances. In particular, I 

classify the ten companies into 5 customer-facing and 5 non-customer-facing 

companies. Customer facing companies interact directly with consumers and 

offer business to consumer service, whereas non-customer facing companies 

offer business to business service. I want to explore whether tweet sentiment 

correlates with individual stock prices and returns differently, depending on 

whether the company is customer-facing or non-customer-facing. My 

hypothesis is the following: Negative tweet sentiment can more accurately 

forecast individual firm’s stock future performances than positive tweet 

sentiment. Non-customer-facing companies’ stock returns correlate with tweet 

sentiment more significantly than customer-facing companies do. 

 

                                                
4	"API Overview." Twitter Developer Documentation. Accessed September 14, 2016. 
https://dev.twitter.com/overview/api. 
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3.1 Twitter API Streaming 

Twitter, a rapidly growing microblogging platform, allows users to 

post and read text-based messages (aka: tweets) of up to 140 characters in 

length. As of the 3rd quarter of 2016, Twitter has over 313 million monthly 

active users worldwide. 5  Over three quarters of the Fortune Global 100 

companies own one or more Twitter accounts at the corporate level and for 

specific brands (Malhotra and Malhotra, 2012). Most importantly, Twitter 

offers open public API, where one or more filtering parameters can be 

specified. When an API request with a specific filtering parameter is sent to 

twitter, a limited, randomly sampled stream of tweets that satisfy the 

parameters, will be returned in json6 format that would be processed by my 

python programs. In this study, both the company’s full name and its ticker are 

used as filtering parameters. For instance, Michael Kors’ search terms are 

‘MichaelKors,’ and ‘$KORS.’ My capstone analyzes five customer-facing 

companies: Michael Kors, Coca Cola, Starbucks, Nike and Hershey, and five 

non-customer-facing companies: Goldman Sachs, Morgan Stanley, Accenture, 

Exelon, and Ever Source. Table 1 shows specific search terms associated with 

each company. Red represents customer-facing companies, and blue 

represents non-customer-facing companies. I aggregate Twitter data for 12 

hours from 8am EST to 8pm EST daily for each of the ten companies for 62 

days from November 14, 2016 to Jan 13th, 2017. 

                                                
5 "Twitter Usage/Company Facts." Twitter Company. Accessed November 14, 2016. 
https://about.twitter.com/company. 
6 "Introducing JSON." JSON. Accessed November 16, 2016. http://www.json.org/. 
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Table 1. Ten Companies and their search terms 

 

3.2 Sentiment 

Twitter data become a useful source of information for opinion mining 

and sentiment analysis. There are mainly two ways of measuring tweet 

sentiment in the existing literature. One way is to employ Natural Language 

Processing (NLP) tools. For instance, He et al (2016) uses Lexalytics to detect 

tweet sentiment. Bollen et al (2011) employs OpinionFinder7 and GPOMS to 

measure twitter sentiment. The other way to measure sentiment is to manually 

code the tweet sentiment. For example, Ranco et al (2015) hires 10 financial 

experts to label over 100,000 tweets with ‘positive,’ ‘negative’ and ‘neutral’ 

sentiments, which are used to build a Support Vector Machine (SVM). Mao et 

al (2011) has constructed the “Twitter Investor Sentiment” as a function of the 

number of occurrences of “bullish” and “bearish” in the tweets.  

                                                
7 "OpinionFinder | MPQA." OpinionFinder | MPQA. Accessed November 14, 2016. 
http://mpqa.cs.pitt.edu/opinionfinder/. 
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In this research, I use the sentiment analysis functionality of Microsoft 

Cognitive Services8  to identify the positive, negative or neutral sentiment 

within a given text for a specific target, towards which Microsoft will analyze 

the text sentiment. The targets are the same as the filtering parameters I used 

to collect Twitter streaming data. For instance, I used “MichaelKors” and 

“$KORS” to filter tweets related to Michael Kors. When I try to analyze the 

sentiment towards Michael Kors via Microsoft’s API, I not only input the 

exact tweet I obtain as the text, but also specify “MichaelKors” and “$KORS” 

as my targets. Once my sentiment API receives and analyzes the text, it 

returns target sentiment scores between -1 to 1 for the targeted object, in this 

case, “MichaelKors” or “$KORS.” A sentiment score between -1 and 0 

denotes negative sentiment, whereas a score between 0 and 1 represents 

positive sentiment. 0 means the text is neutral. I specify a target to obtain 

sentiment score because its sentiment score can be different from the overall 

sentiment score of the text. For instance, if the text is “I hate Hershey but 

M&M is fine,” the overall sentiment of the text is 0.34 but it does not tell 

much useful information. The target sentiment for M&M is 0.33, which is 

positive, whereas the target sentiment for Hershey is negative, -0.56. When 

processing tweets and determining their sentiment scores, I remove URLs 

because they normally do not represent relevant content but rather point to it. I 

specify my target as either the company’s name (e.g., “MichaelKors”) or its 

tickers (e.g., “$KORS”). 

Finally, after collecting the sentiment data, I sort the sentiment data by 

percentile, weighted by the number of followers associated with each account. 

Specifically, I retrieve the scores of 1st, 5th, 10th, 25th, 50th, 75th, 90th, 95th and 

99th percentiles in the daily sentiment distribution. In addition, I also calculate 

the mean and standard deviation of the daily sentiment. These sentiment 

                                                
8 Onewth. "Quick Start Guide: Machine Learning Text Analytics APIs." Quick Start Guide: 
Machine Learning Text Analytics APIs | Microsoft Docs. N.p., n.d. Web. 31 Jan. 2017. 
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variables are respectively regressed on the stock prices and returns of each 

company with different regression model weights.  

 

3.3 Company Specific Stock Performance 

I collect stock prices and returns from the Bloomberg database. 

Bloomberg data cover the ten companies’ daily stock price from November 

14th, 2016 to January 13th, 2017. I use the companies’ closing stock price at 

4:00pm each day as the daily stock price. For the regression model, I regress 

the sentiment variables on the current-day, next-day and third-day prices and 

returns to analyze whether sentiments correlate with the stock prices and 

returns over different time periods.  

Stock price reflects the long-term effect of investors’ expectations and 

evaluations of the companies. Return, on the other hand, reflects investors’ 

short-term belief of the companies’ performance. Therefore, I am analyzing 

whether sentiment correlates with any of those parameters.  

 

 

4. Statistics & Results 
According to the data, on average on a 12-hour streaming daily basis, 

non-customer-facing companies accumulate significantly fewer tweets than 

customer-facing companies. The specific statistics can be found in Table 2. 

Among the five non-customer-facing companies, Accenture and Goldman 

Sachs are mentioned most frequently on Twitter. Among the five customer-

facing companies, Nike and Starbucks attract the most attention on Twitter. 

Trading day and non-trading day volume fluctuation is not significant for 

customer-facing companies. However, for non-customer-facing companies, 

there are fewer tweets gathered from a non-trading day than a trading day. 

This may be because non-customer-facing companies will be discussed more 

intensively on a trading day than a non-trading day. 
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Table 2. Summary of average number of daily tweets for each company 

I target sentiment for each company to ensure that the sentiment score is 

specifically aiming at the company that I am analyzing and to prevent a strong 

sentiment towards a third-party from distorting the sentiment data. Table 3 

compiles a list of sample tweets and sentiment scores for each of the ten 

companies that I analyze. 

 

 
Table 3. Sample tweets and sentiment scores 
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Graph 1. Ever Source Weighted Sentiment distribution 
Graph 1 displays the time series sentiment distribution of Ever Source, an 

electric service company, over the analyzed period. The graph displays 1st 

percentile, 25th percentile, 50th percentile, 75th percentile and 99th percentile of 

the daily sentiment distribution. The distribution graphs for the rest of the 

companies can be found in the Appendix A.  

 My original hypothesis is that negative tweet sentiment can more 

accurately forecast an individual firm’s stock performances, and the effect is 

more prominent in non-customer-facing companies. Therefore, I analyze the 

predictive power of sentiment at different percentiles because lower 

percentiles denote more negative sentiment than higher percentiles. In my 

regression model, I regress each of the sentiment percentile over the stock 

return and price of current day, second day, and third day respectively. In 

addition, I added the weight to my regression in Stata. The three weights are: 
!

"#$%#&'(
, )*+,-.	01	23--24	0)	2562	768

+69	)*+,-.	01	76:;8	23--24	<	-=-.	>0;;->2-7	7*.:)?	25-	@AB768	C-.:07	
, and 
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)*+,-.	01	23--24	0)	2562	768
+69	)*+,-.	01	76:;8	23--24	<	-=-.	>0;;->2-7	7*.:)?	25-	@AB768	C-.:07 ∗(=6.:6)>-)	

, a 

combination of both. The regression formula are the following: 

 P = C1 + aSt0 + bSt-1+ gSt-2 +e1                                                    (1) 

 R = C2 + aSt0 + bSt-1+ gSt-2 +e2                                                    (2) 

P stands for daily stock price and R stands for daily returns. S represent 

sentiment variables: different percentiles and standard deviation. The subscript 

denotes whether it is the sentiment is the current day, or it is from yesterday, 

or two days ago. Table 4 and 5 are examples of the regression table I create, 

with highlighted t-values significant at a p smaller or equal to 5%. Table 4 is 

Coca Cola’s regression statistics, and table 5 is Ever Source’s. Different 

weights for the regression model are labeled on top of each t-stats table. For 

instance, the upper left chunk of Coca Cola t-stats table is “Price weighted by 

volatility”: namely, !
"#$%#&'(

 

 
Table 4: Coca Cola T-stats table 
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Table 5: Accenture T-stats table. 

However, despite significant correlation of certain sentiment percentiles with 

the stock price and return of a given company, no consistent pattern has been 

observed across the 10 companies. The rest of the results have been attached 

in the Appendix B, with highlighted t-values significant at a p smaller or equal 

to 5%. Hence, during the given analyzed period of time, there is no correlation 

between the tweet sentiment and stock performance of that company in the 3 

days immediately following. 

 Lastly, python code and shell script for data acquisition and the Stata 

code for data analysis and regression are included in Appendix C. 

 

5. Discussion 
 According to the Efficient Market Hypothesis, as stock market 

efficiency causes existing share price to incorporate and reflect all relevant 

information, investors cannot rely on elaborate techniques of security analysis 

to discover superior value opportunities. The “market is so efficient—prices 

move so quickly when information arises—that no one can buy or sell fast 

enough to benefit” (Malkiel, 184). As investor sentiment captures their beliefs 

about future cash flows and investment risks that are not justified by 

commercially available data, if sentiment correlates with stock performance 

significantly, it means that investors know something about the companies that 
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public information does not reveal. In this case, there is inefficiency in the 

market.  

 The absence of consistent predictive power between twitter’s tweet 

sentiment and stock performance in both customer-facing and non-customer-

facing companies suggests that the stock market, at least in my analyzed 

period, has been efficient. 

 There are several limitations that can be addressed in future studies. 

First, the data span 62 days, a relatively short period. The past studies usually 

span from 7 months to 2 years, and longer and larger datasets will help to 

discover a more accurate relationship. Second, unlike Ranco et al (2015) who 

employ a group of experts manually reading and categorizing sentiment data, 

mine is entirely dependent on machines and algorithm. There are incidences 

that generate sentiment scores that are not accurate. For instance, one of the 

tweets addressing Michael Kors says “the new style @Michael Kors is so 

sick!” and is given a negative sentiment value. However, the slang word ‘sick’ 

here expresses an inverted meaning and has been used as a term of approval. 

The NLP algorithm fails to recognize the modern adaptation of words like this 

one, yielding inaccurate sentiment scores. Apart from inaccurate sentiment 

scores, there is noise in the data that will not be identified by programs but 

rather by people. Therefore, letting experts audit the sentiment scores will 

make the results more precise. Third, there are frequent retweets of the same 

content. In my research, I count each retweet a new tweet. However, rather 

than counting them independently, aggregating the total number of followers 

as the weight and counting all the retweets as one tweet may be a better 

solution to avoid repetition and skewing the sentiment data distribution. Lastly, 

currently all the tweets with keywords that match the company’s name and 

stock label are taken into consideration. These tweets come from customer 

accounts, investor accounts and the company departments’ accounts as well. 

Categorizing them and analyzing them separately will reduce the chance that 

the company’s own advertisements influence the sentiment data. 
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 This paper finds little predictive power of tweet sentiment on stock 

performances at an individual firm level. It supports the Efficient Market 

Hypothesis at the analyzed period. The instrument used in this research could 

be applied to examine whether the market is efficient or not. In the short term, 

there is no consistent linear relationship between tweet sentiment and stock 

performances. However, in the long run, there may be a non-linear 

relationship. For instance, if there were a bubble in the market and stock price 

kept rising and sentiment fell significantly before the market crash, sentiment 

might potentially detect bubbles in the market and signify the imminent burst 

of the bubble. This could be an interesting topic to explore. Further research 

will be needed to test the validity of such method in detecting a bubble. 
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Appendix A 
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Appendix B 
 

Customer-Facing Companies 
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Appendix C 
 
 

Python Code 
 

Code1: Twitter Data Acquisition 
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Code 2: Shell Script to run parallel programs for consecutive days 
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Code 3: Sentiment Acquisition 
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Stata Code 
 

Code 4: Merge data and create weighted sentiment variables 
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Code 5: Merge with Stock Prices, Regression Analysis & File Writing 
 

 
Notes*: Comment Areas is optional depending on the whether the processing files 
satisfy specific requirement. For instance, if data are written in string, converting to 
real number is important. Thus, user needs to comment out the string to real number 
conversion in Code 5. 
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