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Abstract
Guaranteeing a return in the stock market is as good as random. It is often said that a
monkey is just as good a stock analyst as the top brokers on Wall Street as they essentially
possess the same amount of luck as our primate friend. This study attempts to decode an
immensely arbitrary practice and create something useful in order to better improve the odds of
success. In this paper we review the effectiveness of multiple statistical concepts, machine
learning programs, and StockTwits comments in being able to predict a future price of a security
both numerically and directionally. Overall, we find that the concepts of Monte Carlo
Simulations, Support Vector Regression, Linear Regression, Bayesian Regression, and
Cumulative Distribution being placed into a train/test split in a machine learning program yields
a cohesive future prediction for the security. We also find that these statistics are simply
numbers on a screen without the all-important status quo. A StockTwits sentiment analyzing
program was utilized to combat this and is used to either refute or reaffirm the analysis
conducted by the machine learning program. Both these programs brought together into one
create an efficacious method for both directionally and numerically predicting the future price
of an underlying security.

Keywords: Sentiment, linear regression, support vector regression, Monte Carlo simulations,
cumulative distribution, Bayesian regression
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I: Introduction
1.1 Background
In the economy, sentiments are of principal significance, and this thesis mostly centers
around the impact of conclusions from investors in combination with statistics and machine
learning on the future of a financial instrument. This paper levers data from StockTwits in
combination with rigorous statistical and technical analysis for a price in the future. This paper
exhibits how fusing the assessments improves determining exactness of anticipating stock
valuation. The Efficient Market Hypothesis (EMH) states that financial exchange costs are to a
great extent driven by extra data and follow an “irregular walk design” [7, 8, 37, 39, 41].
Although this theory is broadly acknowledged by the examination network as a focal
worldview, few individuals have endeavored to combine the power of statistics with
StockTwits. This study in this way, asserts an immediate relationship between market price and
sentiment. [42, 43, 44, 45].

The work in this paper is based on the work of Johan Bollen et al, Arijit Chatterjee et
al, Arpit Goel et al, and Anshul Mittal et al. By measuring the mood of people on Twitter, they
also attempted to predict future security prices. They used the tweet data of all Twitter users in
2008 and used the OpinionFinder and Google Profile of Mood States (GPOMS) algorithm to
classify public sentiment into 6 categories: Calm, Alert, Sure, Vital, Kind and Happy. They
cross-checked the resulting mood time series by applying their ability to predict the public
reaction to the 2008 presidential and Thanksgiving Day elections. They also used causality
analysis to test the hypothesis that public mood states are predictive of shifts in near DJIA
values, as calculated by the OpinionFinder and GPOMS mood time series. The writers used
self-organizing Fuzzy Neural Networks to predict DJIA values using previous values. Their
findings indicate a remarkable precision of almost 87% in forecasting up and down shifts in
Dow Jones Industrial Average (DJIA) closing prices. In this study, we will be attempting to
create a model with qualitative and quantitative factors fueling the data to create a cohesive
prediction for the future price.
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1.2 Importance of the Problem
Social media has become a much more integral part of our society today than many
realize. World renowned institution JPMorgan recently created an index titled the Volfefe
index. This index tracks the impact that every tweet by President Trump has on the stock
market. This is simply a small fraction of a society ruled by social media kings. Stock markets
today are becoming harder and harder to predict, which makes the need for new research even
more compelling. The number of factors which influence the prices of securities has seen a
drastic uptick in recent years. Unfortunately, many techniques used by generations past to
predict stock prices can simply be negated nowadays by something seemingly innocuous, like
a tweet. Though the rise of social media has inevitably been detrimental for the stock market
itself, the key to solving the problem may lie in the very thing that rattles markets all over the
globe; Social media itself. Getting the best of both worlds as it pertains to statistics, machine
learning and the rise of Twitter allows for a symbiotic bondage of the ideas to create sustainable
predictions.

1.3. Investor Sentiment Measurements and Effect on the Stock Market
Barberies et al. [55] in their exploration study show speculation has a direct impact on
stock prices. They demonstrated how strangely, investor sentiment under-responded to
increasingly verifiable data, for example, profit declarations, share repurchases, profit
inceptions, and went overboard to a drawn-out record of outrageous (positive or negative)
exhibitions. In 2006 Baker and Wurgler [7, 8] inferred that "… floods of conclusion have
plainly perceptible, significant, and customary impacts on singular firms and on the financial
exchange all in all." In 2004, Thorp [50] likewise remarks on the slacking highlight of sentiment
just as the potential feelings that drive costs of securities. He takes note that "week to week
changes in part conclusion don't uncover important connections among assessment and market
execution," yet he discovers that unnecessary speculator opinion in either a bullish or bearish
course would flag a huge restricting reaction over the accompanying 52 weeks. A few
investigations discover a few proportions of venture estimation foreseeing stock returns. In
2006, Lemmon and Portniaguina [56] found that financial specialist notion figures the profits
of little stocks. In 2015, Zheng [57] records a negative prescient connection among metal
prospects' profits. In 2015, Kaplanski et al. [58] assert that progressively positive feeling
investors with better yield desires and higher goals to purchase stocks drove the price more so
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than investors with a long-term vision. In 2015, Babu and Kumar [60] record that negative
notion has a more noteworthy bearing on the NSE list return than positive slants. In 2012, Mittal
and Goel [14] utilized feeling investigation and AI standards to discover the relationship
between "open slant" and" market slant" to foresee open state of mind and utilize the anticipated
mind-set and earlier days' DJIA esteems to foresee the securities exchange developments. In
2010, Bollen, Mao and Zeng [11] explored whether estimations of aggregate temperament
states got from huge scope Twitter channels are related to the estimation of the Dow Jones
Industrial Average (DJIA) after some time.

1.4 Importance of Sentiment and Hypothesis
The ongoing information blast has brought forth a fantastic increment in advancement.
Assessment examination is a more current field that has as of late crossed from the scholastic
domain to corporate use. A great part of the momentum distributed research regarding the
matter was created by look into offices unequivocally connected with organizations, in 2009,
Tang et al. [67]) with "the development of new web based life, for example, tweets, online
journals, message sheets, news, and web content" significantly changing the environments of
partnerships (in 2010, Cai et al. [68]). The scholarly supporters of the subject have consolidated
numerous zones of etymology, software engineering, man-made consciousness, and brain
science. All the more explicitly as referenced by Tang et al. [67] in 2009, it is "an order at the
intersection of NLP [natural language processing] and IR [information retrieval], and thusly it
imparts various qualities to different errands, for example, data extraction and content mining".
AI systems, fundamental factual examination, and etymological semantic portrayal are likewise
all around spoken to in the plans of the field. Similarly, as with numerous new fields, opinion
examination is a mix of a couple of novel ideas reapplied to a wide scope of explicit parts of
other more seasoned fields. Right now, attest the significance of opinion examination alongside
utilizing AI and measurable investigation to have a repetitive calculation to reflect slant of the
present day.
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II: Method
The subsections of the method detailed will include the following. The sections will consist of
statistical principles(a), integration of machine learning(b), and the inclusion of a StockTwits
sentiment extractor (c) and the overall integration of all the parts (d). Each section will
contain subsections detailing more specific subtopics. Subsections in section will include
Monte Carlo Simulations, Fibonacci Sequence derivation, and cumulative distribution.
Subsections in section B will include Support Vector Regression, Linear Regression, and the
Train/Test split. Section C will include the details of the text extractor.

2.2 Parts of the project
(a) Monte Carlo simulations and Cumulative Distribution are both mathematics
principles to create a prediction for the future simply based on past data. Monte Carlo
simulations originated from the city of Monte Carlo and simulate outcomes many times over
based on data and changes from the past to try and synthesize a prediction

The cumulative distribution function (CDF) FX(x) describes the probability that a
random variable X with a given probability distribution will be found at a value less than or
equal to x. For example, if the distribution inputs a value such as .4, the way it is being used in
the stock model would indicate that the stock has a 60 percent chance of returning some value
or higher the very next day based on data.
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Fibonacci sequences are used to predict the price of a stock in the future through
retracement levels. Fibonacci retracement is created by taking two extreme points (usually a
major peak and trough) on a stock chart and dividing the vertical distance by the key Fibonacci
ratios of 23.6%, 38.2%, 50%, 61.8%, and 100%. Stocks that retrace 38.2% or less of a trend
will usually continue the trend. Retracements exceeding 61.8% indicate a reversal. Alerts will
include ABC's up/down (multiple 38% retracements) and various reversal signals.

[Fibonacci retracement levels of QQQ]

(b) Using Support vector regression and Linear Regression, a program which utilized
machine learning was created. Every stock has a closing price after each trading day. From
Quandl, every closing price of the stock from the beginning of existence to the current moment
is extracted. The program then attempts to figure out a mathematical way to predict the price
of the next day given the closing prices.

[example of a data set (NYSE:WYNN); Taken directly from the program]

Taking the adjusted closing price for each day, the program trains itself on the data
given and attempts to come up with a method that would predict each day’s adjusted closing
price based on SVR and Linear Regression. A train test split is performed, and a confidence
rating is spit out, which is a measure of how accurately the program was able to predict the
price of the security n days into the future. The closer the confidence is to 100, the better. The
forecast from LR and SVR are then averaged based on weighted confidence rating and a
prediction is given.
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(c) Statistics are simply numbers on a table without considering the status quo and the
current situation. Staying up to date with the news of a stock is all important in deriving a
cohesive prediction for some x time in the future. Using a website by the name of
www.StockTwits.com, a program to stay up to date was synthesized. StockTwits is simply a
huge forum where the general public can leave comments on a specific stock, where every
ticker act as a sub forum, allowing comments from the public.

[area to input search query]

In the search bar, one can simply search the ticker symbol of a stock, and immediately a sub
forum containing the myriad of comments from the general public is returned.

[comment example on StockTwits with flair]

This comment contains a flair, which makes it easier to attribute a sentiment to it, but
some comments do not contain that flair. Even though it may come under scrutiny that
random people can post comments on the stock forum, it is the general public that fuels stock
markets. If more people lean one way on a stock, it will reflect that sentiment. Even though
sentiment is not the only thing which determines the direction of a stock price in the future, it
is an integral part of analysis. Since all comments are real time, it allows one to keep up with
the current news attributed to the stock and can make a key difference in predicting the future
of the stock. Each comment has a sentiment extracted and attributed to either being bullish or
bearish along with percentages of each side of the sentiment.
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(d) Should the sentiment extractor and the statistical analyzer disagree or have
discrepancies about the directional prediction of a stock, it poses a roadblock. When this
happens, the data that is fed into the statistical analysis model is altered slightly to reflect the
analysis of the sentiment extractor, this is so that the status quo can be taken into
consideration with the statistics. After the closing prices for the last 2 weeks are altered to
reflect the sentiment, the machine learning program learns the formula and comes up with a
completely new prediction. To decide how much to increase or decrease the input data by, it
was decided after much testing that the amount that the sentiment leaned one way or the other
is exactly how much the data would be altered that way.

Example:
If XYZ’s sentiment analysis indicated that 76% of people thought that it was Bullish for the
current situation, but the statistical analysis gave a forecast the stock would decline based on
historical data, the changing procedure would go something like:

Take the last 2 weeks of XYZ’s closing data and alter it by +0.76%. If on some given day,
XYZ’s closing price was $81.78, down 0.32% from the previous day, the new data for the
closing price would instead of being down 0.32 percent, would be up 0.44% from the
previous day, with a new closing price of $88.05

2.3 Sampling Procedures
The sampling procedure specifically looks for stocks at 52-week lows to see if a trend
reversal or continuation is in store, stocks with a volume over 1 million to eliminate the chance
of low float or pump and dump stocks, and stocks which are at the median of their 52 week low
and high with a market cap of over $2bn to see if a trend continuation is imminent. Fibonacci
retracements (see above for explanation) were also utilized to see if on a technical side, a
retracement would happen in the future.
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[FinViz stock screener to narrow down basket of stocks]

2.3.1 Sample Size, Power, and Precision
The amount of stocks that were sampled vary greatly from time to time. The main idea
is that the sample would come from stocks of all different backgrounds while straying from
stocks which might be subject to manipulation. The aim was to take stocks from small to midcaps as well as mid and large caps and sample a holistic figurine of stocks.

2.3.2 Research Objective
The goal of the research conducted was to find stocks which fit the category of “Falling
knife”. A falling knife is a term used by traders to describe when one buys a security at its
lowest point, in anticipation of it rising back up again. For this reason, specific stocks which
were at or near their 52-week low were first screened. If stats and the sentiment behind the stock
were on the rise, it would yield a good catch.

[Trend reversal example]
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2.3.3 Screening Design
Every single stock subject listed on every exchange (NYSE, NASDAQ, AMEX,
NYSEARCA etc.) was fed into the screener first, then the list was narrowed down to a
reasonable basket of stocks. The screeners would take stocks that were 10% above their 52week lows, and after that, the screeners explained in section 2.3 were implemented. After
Fibonacci retracements were put into place did the stocks that were screened amount to around
50. In this manner, stocks that were primed for a trend reversal or continuation are returned.
The next step from here was to conduct sentiment analysis on each of the stocks in an automated
way.

2.3.4 Limitations of StockTwits
This and the results section explain in detail how comments can be programmatically
retrieved. StockTwits has a partner API that allows users to search for tweets, users, timelines,
or even post new messages. We use Selenium which is a Python based .net API which has been
used to access the StockTwits API. A StockTwits developer account needs to be set up first
with the necessary credentials to query the API using Selenium. The project is layered to keep
the interactions, file management, application logic and algorithms separate. The following
code snippet on the next page first uses. json to extract the percentage of bullish and bearish
comments from StockTwits based on NLP and Machine Learning. Comments are added to
make understanding the code easier.

2.3.5 Investor sentiment and comment count
In the code, I simply extract comments from every single user on StockTwits. For some
stocks, this may be thousands of investors, and for some others, it may be very few. The number
of users also affects the overall volatility of the data fed into the model itself, as more users
implies more investment into the security yielding bigger price movements. Extracting all
comments from StockTwits within a 3-week time frame provides for a general public sentiment
analysis of the stock.
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[code snippet to tally up bullish and bearish sentiment]

In order to validate whether the sentiment readings made by the program were good to
use, a comment tally was utilized. The comments extracted had to be proportional to the
number of watchers the stock contained.

[S&P 500 ETF on StockTwits]

With stocks like the S&P 500 ETF (NYSEARCA:SPY), the amount of comments
extracted had to be a lot because comments are flying in very quickly, and there are 170,000
watchers on the stock. It is imperative that the amount of comments extracted is proportional
to the number of watchers so that the program can stick to extracting comments from a certain
time period and doesn’t stray away from the 3-4 week timeframe.
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III: Results
The results yielded by the model indicated positively about its ability to narrow stocks down
from a large list of stocks fitting specific criteria. In our first study, from the 422 stocks taken,
50 stocks were narrowed down. Of those 50, the Fibonacci analysis was conducted, and 8
stocks indicated a trend continuation, and 12 indicated a reversal. Of the 8, 5 were upward
trends and 3 were downward. Of the 12, 2 were bearish reversals, and 10 were bullish
reversals. I have taken personal holdings in all the stocks that have been spit out by the model
and reflect a bullish reading. I have also taken short positions in stocks that the model has
reflected a bearish reading on.

3.2 Statistics and Data Analysis
As soon as the FinViz screener was utilized to narrow down a smaller basket of stocks,
each of those securities were exported to a .csv file in Excel. Pure statistical analysis is then
conducted on the data set and different predictions are given through a variety of different
techniques. Another program with machine learning using Linear Regression and Support
Vector Regression is also utilized in the pure statistical part of the project. The program created
as a separate part from the statistics analyzes all the stocks in the original list to provide ancillary
analysis for each security in the sheet. Through the power of programming and machine
learning, the model takes every closing price and percentage change of the underlying security
since conception. The program then runs and returns a search query from StockTwits for the
ticker symbol of the stock. It then tallies up everything and gets a sentiment score by
juxtaposing the percentages of Bullish/Bearish flairs and sentiment. The percentage is taken
and converted into a decimal. Then, going back to the original data sets for the statistical
analysis; The data of the closing prices and percentage changes from the last three weeks is
altered by the sentiment score decimal to reflect a new sentiment and keep up with the status
quo. After this new sheet is created with regards to the current sentiment, the algorithms and
machine learning is forced to run again to create new predictions based on any sentiment score
of the current day. In this manner, powerful machine learning and statistical analysis is
leveraged in marriage with the status quo to create accurate future predictions.
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3.5 Pulling Comments

[code snippet to pull comments from stocks]

To pull comments from StockTwits, the partner API from StockTwits was utilized. With
the partner API, we were able to have access to all comments from every stock ticker. The
comments were then scrapped, and a sentiment score attributed to each one. The code has been
annotated for better and easier understanding. This code snippet does most of the comment
extraction. Using Natural Language Processing, certain words were extracted from each
comment and using a variation of the bubble sorting method, the words used were compared to
the words next to it. This was important because in the English language, some words on their
own can mean something, but the words next to or around them could make the meaning
completely different.

Examples:
Bad - Negative sentiment
Not bad - Neutral sentiment
Not bad at all - Positive sentiment
Good - Positive sentiment
Not good - Negative sentiment
Not too good - Neutral sentiment
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Words in the English language that are used as modifiers to adjectives, verbs, and other
adverbs can greatly alter the meaning of a sentence. These modifiers, usually adverbs, are
considered in the program by looking at the comment holistically. Machine learning was also
utilized in the program because it detected commonalities in the usage of those specific
modifiers in the comments from the stocks. The program then learned more and more of those
clauses which allowed for streamlined and efficient extraction.

Another conundrum the program had to get past was the use of curse words in
comments. Since StockTwits is a crowdsourced platform with no limitations or censorship, the
use of curse words is highly abundant in comments. Curse words are one of the paradoxes of
the English language. For sake of this paper, I will only go into detail about one curse word,
and the amount of confusion that it can cause in the program without a holistic view of the
comment. It is imperative that comments with curse words are not left out in the scanning
because as much as 78% of the comments extracted contained some form of a curse word. Here,
we will look at the word crap which is a filler for the actual curse word which has the same
meaning. Here are some clauses that were used in some comments, and after reading, it will
soon be evident why machine learning was crucial to allow the program to learn the different
clauses in order to make accurate sentiment predictions.

It’s crap! - (it’s bad) - Negative sentiment
It’s THE crap! - (that’s the stuff!) - Positive sentiment
Give crap to it - (telling it off) - Negative
Give a crap about it - (care about it) - Neutral/Positive/Negative depending on modifiers
Take crap - (take a beating) - Neutral/Positive ← Great falling knife indication
Piece of crap - (bad meaning) - Negative

This is only one of many curse words. There are more complex uses that curse words
have in determining the meaning of the sentence. However, extracting each comment is of
paramount importance in determining what the best possible sentiment score is for the stock
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3.6 Code Results

[annotated sample of code]

3.6.1 Usage of Selenium
Selenium is an intelligent web-based automation tool that allows you to manipulate a
website into doing certain tasks for the programmer. This way, without using the partner API
completely, we were able to extract comments from a certain time frame and still achieve the
same exact results. For more details, refer to the annotated sample of code. In some cases,
depending on the number of watchers a stock contains, the amount of comments may be
different for each stock. Once that happens and sentiment scores are attributed, the results are
given. Selenium also allows the user to input their own key words and then through machine
learning, Selenium learns similar words and attaches a mood to them. During automatic
annotation, any tweet with positive emoticons, like :), were assumed to bear positive sentiment,
and tweets with negative emoticons, like :(, were supposed to bear negative polarity. Tweets
containing both positive and negative emoticons were removed. Additional information about
this data and the automatic annotation process can be found in the technical report written by
Goel et al. [87].
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3.6.2 Sentiment Results

[End result of sentiment analysis]

Since numerical values have been assigned to the sentiment scores of each of the
comments and the stock, the next step was to alter the data that was fed into the statistical
machine to reflect the current sentiment. In this case, since TSLA indicated a 63% bearish rating
at the time of writing, the decimal value associated with the overall sentiment of TSLA would
be -0.63. The closing price data of the stock then from the last three weeks is then altered by 0.63. If the data returns neutral, or anything below a 55% majority, the sentiment analysis will
go no further, and a different stock will be analyzed.

3.6.3 Linear Regression

[Linear regression training model]

19

After the closing price data was inputted and the machine learning could run, a
confidence rating was spit out. Refer to chapter 1 for more details on ML integration. As the
model was trained further and further, a mathematical way to theoretically predict the price of
the stock in the future based on trends was outputted. How close the Linear Regression model
was to predicting the actual price of the security the next day is reflected in the confidence
rating. The closer the confidence rating is to 1.00, the more accurate the machine learning was
in predicting the price of a security n amount of days into the future. When the data is changed
to reflect current sentiment, the ML program runs again and tries to find another way to predict
prices in the future, but this time on a different set of data that reflects sentiment.

3.6.4 Support Vector Regression

In the same manner as the linear regression, support vector regression was also
utilized to give the model a degree of depth and complexity. To determine the best possible
prediction for price in the future with sentiment, both LR and SVR had to be utilized. After
this point, more analysis is conducted with different methods of extrapolation and trend
analysis. Everything is then averaged out into one strong future price prediction.
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3.6.5 Bayesian Regression
The Bayesian Linear Regression is a regression model based on Bayesian statistics.
Bayesian technique makes use of linear regression supplemented by using additional facts in
the form of a previous opportunity distribution. Prior statistics about the parameters is mixed
with a likelihood function to generate estimates for the parameters. In this dissertation, we
use the Bayesian Linear Regression module [17, 18] to create a regression model primarily
based on Bayesian statistics. A classical treatment of regression [25] problem seeks a point
estimate of the unknown parameter vector w. By contrast, in a Bayesian approach we
characterize the uncertainty in w through a probability distribution p(w). Observations of facts
points adjust this distribution by way of Bayes theorem, with the effect of the records being
mediated through the likelihood feature. Specifically, we outline a prior distribution p(w)
which expresses our uncertainty in w taking account of all records other than the information
itself, and which, without lack of generality, can be written in the formα) ∝ exp - αΩ(w) where,
α can once more be seemed as a hyperparameter

3.6.6 CSV Data Alteration

[Excel sheet containing original and altered closing prices]
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In the Historical Data tab on Yahoo! Finance, any user can extract data from any time
period for any stock. For the sake of this experiment, we will be using Amdocs
(NASDAQ:DOX) as an example. The other forms of extrapolation for future prices take data
from Yahoo! Finance. To make sure that this set of data reflects current market sentiment as
well, adjusted close prices were altered by a fixed amount and the calculations were
automated on Excel. This new set of data which reflected market sentiment was then imported
into the other excel sheets containing Cumulative Distribution Functions and Monte Carlo
Simulations. In this experiment, the original csv file from Yahoo! Finance contained data
from the past 1 year and data from the last 4 weeks were changed. After the new data is fed
into the new spreadsheets, new predictions are created and averaged along with the machine
learning.

Most watched tickers on StockTwits
Ticker

Watchers

$AAPL

360,288

$TSLA

293,893

$AMZN

251,866

$FB

250,002

$NFLX

215,007

$AMD

209,669

$SPY

172,730

$BABA

171,844

$MSFT

166,926

$GOOG

141,277
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For any given day, we parse the comments which contain references to the top 10
company ticker symbols from the table above and compute the average sentiment for the stock
to determine validity. This data is then compared with actual closing price and extrapolated. If
for a period, there are no sentiments which get generated (if there are no investors commenting)
for a stock we preserve the Sentiment score which is preserved from the last day the sentiments
were computed. A snapshot of the pulled data for one of the companies (Tesla) is shown in the
table below.

Ticker

Trade Date

Open
price

Close
Price

Sentiment
Category

Sentiment
Score

Trade
Volume

Watchers

TSLA

2019-08-20

$227.62

$225.86

Bearish

-0.63

4170527

62,655

TSLA

2019-09-06

$227.20

$227.45

Neutral

0.51

4189372

71,784

TSLA

2019-09-17

$242.47

$244.79

Bullish

0.58

3946909

85,631

TSLA

2019-10-02

$243.13

$243.29

Bearish

-0.71

6256548

92,127

TSLA

2019-10-14

$247.90

$256.96

Bullish

0.62

10226860

101,444

TSLA

2019-11-04

$334.50

$337.14

Bullish

0.84

6074221

124,651

TSLA

2019-11-27

$331.12

$331.29

Bearish

-0.78

5563459

164,866

TSLA

2019-12-12

$354.92

$359.68

Bullish

0.88

7776211

195,488

TSLA

2019-01-21

$530.25

$547.20

Bullish

0.92

17803470

277,555
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3.6.7 Coefficient of Determination
The determination coefficient (R2) is a measure which allows us to determine how
certain predictions can be made from a given model / graph. It is the ratio of the explained
variation to the total variation. It is also a measure how well the regression line represents the
data. If the regression line passes exactly through every point on the scatter plot, it would be
able to explain the variation. The further the line is away from the points, the less it can explain.
R2 is a statistical factor that will give some information about the goodness of fit of a model. In
regression, the R2 coefficient of determination is a statistical measure of how well the regression
line approximates the real data points. An R2 of 1 indicates that the regression line perfectly fits
the data. R2 is often interpreted as the proportion of response variation "explained" by the
regressors in the model. An interior value such as R2 = 0.4 may be interpreted as follows - Forty
percent of the variance in the response variable can be explained by the explanatory variables.
The remaining sixty percent can be attributed to unknown, lurking variables or inherent
variability. In case of a single regressor as in this dissertation, fitted by least squares, R 2 is the
square of the Pearson product-moment correlation coefficient relating the regressor and the
response variable. More generally, R2 is the square of the correlation between the constructed
predictor and the response variable. With more than one regressor, the R2 can be referred to as
the coefficient of multiple determination

3.6.8 Granger Causality
Analysis of Granger Causality [32,35,38] determines how much predictive information
one signal has about another over a given time lag. The mood score for a given day is calculated
over a 24 hour period The sentiment score for a given day is measured for a span of 24 hours
while the close price is also determined so the sentiment score can be carried forward to affect
the open price of the stock for the next day. In their study, Chatterjee and Perrizo et al [61]
assert the sentiment score of the stock for a given day is seen to influence the Close Price of the
stock and the Open Price of the stock for the following day.
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3.6.9 Experimental Periods
In this section, we will discuss the optimal experimental periods for gathering data sets
for the price of a security. For the regression analyses with machine learning, we first preprocess
the daily stock data with the sentiment scores and convert it into a matrix-based format. This
means that the stock price on the nth day will be affected mostly by the close price of the stock
and the sentiment score for the previous n-1 days. We then move over to the different methods
of cumulative distribution and Monte Carlo simulations. We consider all the stocks from the
most watched stocks for the sake of this experiment and for our analysis, as dictated by
Chatterjee and Perrizo [61] in their study, we perform two different forecasting experiments to
test the model out – i) 7-day trading day period. ii) 14-day period including Saturday and
Sunday when the markets are closed but we have sentiment data from the comments. We
calculate the coefficient of determination (R2) for each of these experiments and evaluate the
optimum time frame for gathering data sets.

3.7.1 Experimental 1 - 7-day period
Ticker

Mean Absolute
Error

RMSE

Relative
Absolute Error

Relative
Squared Error

Coefficient of
Determination

$AAPL

1.99

1.3

0.29

0.08

0.81

$TSLA

3.62

2.23

0.41

0.06

0.93

$AMZN

2.33

5.04

0.34

0.12

0.89

$FB

1.01

2.42

0.66

0.14

0.97

$NFLX

4.40

9.74

0.24

0.07

0.88

$AMD

1.22

3.88

0.19

0.16

0.96

During this time period of testing, we see that the coefficient of determination ranges
from 0.81-0.96, which indicates a relatively strong line fit. We also see that the coefficients of
determination are extremely close to 1. This data has been split into an 80-20 train/test split.
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3.7.2 Experimental 2 - 14-day period
Ticker

Mean Absolute
Error

RMSE

Relative
Absolute Error

Relative
Squared Error

Coefficient of
Determination

$AAPL

1.13

1.51

0.06

0.040

0.94

$TSLA

0.78

0.94

0.62

0.02

0.93

$AMZN

3.8

5.11

0.35

0.031

0.89

$FB

4.1

2.88

0.17

0.06

0.84

$NFLX

2.6

0.91

0.31

0.09

0.95

$AMD

0.35

0.57

0.78

0.052

0.97

In this fourteen-day period of testing, the coefficient of determination and the R2 value
are noticeably higher than the 7-day testing period. Our end observation is that having a longer
period of testing and more sentiment heading into the trading week is extremely beneficial to
being able to forecast the price for the future and contributes to a more accurate coefficient of
determination. Here is a table comparing the coefficients of determination for each stock for
both the 7-day experimental period and the 14-day experimental period

Ticker

Coefficient of Determination (7
days)

Coefficient of Determination (14
days)

$AAPL

0.8099

0.93681

$TSLA

0.927

0.93843

$AMZN

0.8934

0.88642

$FB

0.9722

0.8395

$NFLX

0.8766

0.948

$AMD

0.9614

0.9667
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3.8 Predicting Stock Close Prices
In this subsection, we will be combining the findings from both the regression models
and the extrapolation models. The forecasts will be averaged, and then given as a cohesive
number. We must also determine what is the optimal time frame in which the model can forecast
the closing prices accurately. We will conduct two different experiments again. The first will
be attempting to predict the price daily, with the last fourteen days of sentiment being fed into
the models and the data sets being altered as such. The next experiment will be conducted on a
weekly basis, again with the same seven days of data being fed into the model itself. Finally, to
validate the results, a RMSE test will be administered. The table below will compare the
predicted closing price of a security and the actual closing price of the security. For the sake of
this paper, we will be looking at the most watched stocks on StockTwits.

Daily Predictions
Date

AAPL

TSLA

AMZN

Predicted

Actual

Predicted

Actual

Predicted

Actual

1/13/2020

$310.86

$311.15

$523.44

$524.86

$1,888.11

$1,880.80

1/14/2020

$311.23

$312.17

$530.65

$537.92

$1,866.63

$1,858.55

1/15/2020

$308.45

$309.55

$526.21

$518.95

$1,860.13

$1,855.09

1/16/2020

$310.76

$312.09

$520.83

$513.49

$1,864.48

$1,866.02

1/17/2020

$314.52

$315

$515.40

$510.50

$1,848.33

$1,857.25

1/21/2020

$315.77

$316

$525.66

$547.20

$1,857.80

$1,860

1/22/2020

$318.33

$317.31

$540.89

$569.56

$1,874.38

$1,883.34

1/23/2020

$316.01

$315.65

$561.42

$572.20

$1,880.51

$1,872.76

1/24/2020

$314.12

$317.52

$565.13

$564.82

$1,851.94

$1,847.44

1/27/2020

$310.54

$304.88

$555.37

$558.02

$1,824.21

$1,815.34
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Date

FB

NFLX

AMD

Predicted

Actual

Predicted

Actual

Predicted

Actual

1/13/2020

$220.50

$219.21

$328.06

$331.51

$47.71

$48.24

1/14/2020

$221.64

$218.63

$331.62

$335.52

$48.32

$47.91

1/15/2020

$222.02

$220.14

$334.08

$336.60

$48.90

$48.12

1/16/2020

$223.11

$220.39

$331.53

$335.85

$49.85

$48.99

1/17/2020

$222.09

$220.53

$334.48

$337.38

$50.52

$49.90

1/21/2020

$220.87

$219.12

$333.86

$332.59

$51.04

$50.70

1/22/2020

$224.16

$221.28

$328.44

$323.60

$51.38

$51.20

1/23/2020

$220.88

$219.27

$326.98

$325.01

$50.21

$50.74

1/24/2020

$218.94

$216.11

$331.63

$345.88

$50.88

$49.47

1/27/2020

$216.55

$212.50

$325.90

$341.02

$50.02

$47.90

Date

SPY

BABA

MSFT

Predicted

Actual

Predicted

Actual

Predicted

Actual

1/13/2020

$326.14

$325.92

$228.33

$227.04

$160.95

$161.26

1/14/2020

$327.33

$326.84

$225.16

$224.88

$161.94

$161.72

1/15/2020

$327.85

$327.26

$222.47

$224.39

$163.20

$162.57

1/16/2020

$328.47

$329.45

$221.54

$222.73

$164.33

$164.03

1/17/2020

$324.85

$322.66

$223.56

$225.35

$166.01

$165.43

1/21/2020

$327.85

$330.82

$219.03

$220.73

$167.22

$166.43

1/22/2020

$330.62

$331.17

$221.47

$222

$166.05

$165.68

1/23/2020

$329.40

$329.41

$218.22

$216.77

$165.41

$165.27

1/24/2020

$328.51

$327.36

$214.40

$211.33

$164.13

$164.45

1/27/2020

$329.77

$330.85

$205.36

$199.50

$161.57

$160.20
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Weekly Predictions
Date

AAPL

TSLA

AMZN

Predicted

Actual

Predicted

Actual

Predicted

Actual

2/5/2020

$316.54

$318.95

$731.68

$734.70

$2,058.04

$2,032

2/12/2020

$327.22

$321.47

$751.31

$767.28

$2,164.96

$2,155.29

2/19/2020

$330.98

$320

$813.42

$917.42

$2,180.61

$2,161.12

Date

FB

NFLX

AMD

Predicted

Actual

Predicted

Actual

Predicted

Actual

2/5/2020

$205.30

$208.71

$368.49

$362.30

$48.03

$49.31

2/12/2020

$213.05

$207.40

$380.67

$375.88

$52.51

$53.53

2/19/2020

$225.77

$216.11

$394.93

$384.90

$55.38

$57.51

Date

SPY

BABA

MSFT

Predicted

Actual

Predicted

Actual

Predicted

Actual

2/5/2020

$326.86

$330.67

$220.42

$217.54

$215.31

$217.54

2/12/2020

$334.16

$336.43

$226.97

$220.21

$213.18

$181.85

2/19/2020

$339.63

$337.48

$231.15

$220.75

$204.67

$186.47
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3.9 Validating the Model
The root-mean-square error (RMSE) is a frequently used degree of the differences
between values (pattern and population values) predicted by using a version or an estimator and
the values observed RMSE is a measure of accuracy, to examine forecasting errors of various
models for a statistic. RMSE is the square root of the common of squared errors. The impact of
every error on RMSE is proportional to the size of the squared errors; thus, large errors have a
disproportionately massive impact on RMSE. Consequently, RMSE is touchy to outliers. We
evaluate the accuracy of the models constructed for every ticker and examine it with the RMSE
values of their predictions for the daily and weekly timeframe.

RMSE Values for Daily and Weekly
RMSE Values of base ticker
symbol test

RMSE Values for Daily Period
1/13/2020-1/27/2020

RMSE Values for Weekly Period
2/5/2020-2/19/2020

AAPL

1.89

AAPL

1.62

AAPL

2.43

TSLA

11.62

TSLA

10.49

TSLA

19.78

AMZN

2.74

AMZN

2.21

AMZN

3.22

FB

1.09

FB

0.92

FB

8.44

NFLX

5.62

NFLX

4.66

NFLX

6.21

AMD

1.13

AMD

1.06

AMD

0.62

SPY

0.84

SPY

0.88

SPY

0.97

BABA

4.73

BABA

4.51

BABA

5.34

MSFT

1.32

MSFT

1.34

MSFT

3.42
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3.9.1 Conclusions from Testing
The RMSE test indicates that the testing values for the daily period were more in line
with the testing period than the weekly period. This is indicative of the fact that the model in
some parts may be underfit. However, most of the testing concludes that both the weekly and
daily timeframes of forecasting seem to be in line with the original test data, which asserts that
the model is for the most part, neither overfit nor underfit. The original and ending RMSEs for
TSLA and NFLX are extremely high because both the stocks were at the cusp of a major
unprecedented rally that increased the error percentage of the model. While some values that
were predicted did not match the actual closing prices on a numerical level, the prediction from
a directional standpoint was almost always correct. Even though it could not predict stocks’
such as TSLA’s exact values of closing, the model remained massively bullish on the stock.
Overall, the model had some difficulties when it came to securities that were susceptible to
volatility in its share price, or during times of general volatility.
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IV: Conclusions & Discussion
In this paper, we have shown that the combination of sentiment from StockTwits
together with extrapolation methods such as cumulative distribution yields an extremely
accurate model for forecasting future prices of securities. Machine learning in combination with
statistics is of paramount importance when considering the changes in stock prices daily. We
discuss in detail how StockTwits, a crowd-sourced investment idea exchanging software, can
be of the utmost help when attempting to consider the status quo and the sentiment surrounding
the stock. We focused on gathering sentiment data by attributing a percentage value to bullish
and bearish investors in the stock from the last two weeks. This data is converted into a
percentage and then manipulated into all our extrapolation programs which then yield different
numerical predictions for the future. These values are averaged into one cohesive prediction
both directionally and numerically. For the sake of this paper, we focus on the most watched
stocks on StockTwits.
The first portion of this paper consists of methods to screen stocks down for potential
sentiment analysis and details how the screener will attempt to find stocks that fit the “Falling
Knife” designation. By using Fibonacci retracements and different screening methods, stocks
that were near their bottom were found. It also details the importance of sentiment analysis in
determining the future of the price. We then focus on StockTwits and how it can be used to
gather sentiment. By using Selenium, a web-based automation tool, we can manipulate web
pages to do certain tasks. Utilizing this in combination with the Partner API of StockTwits, we
were able to streamline the process of extracting comments. Natural Language Processing was
utilized to determine the sentiment of words expressed in comments. Machine learning was also
used to help determine the meaning of certain word modifiers and possible usages of curse
words in comments. These were all tallied up to gather a percentage value of bearish and bullish.
The paper then transitions into the mathematical portion of the model. First,
extrapolation methods such as cumulative distribution to yield forecasts for the future are
detailed. Then, methods of regression are detailed. Three methods of regression (Bayesian,
Linear, Support Vector) were all utilized as a method for extrapolation in the future. To again
assert the importance of sentiment in determining the closing price of a stock, as Chatterjee and
Perrizo assert in their dissertation, sentiment has a profound impact on closing price of stocks.
Through a Granger Causality test, it was concluded that 14 days of sentiment should be
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considered when creating a model with regression and statistical methods. Machine learning
was used to create a model that utilized all three regression models with a coefficient of
determination with a rating of confidence. Each method of regression took stock data from oneyear past. To include sentiment in the data the regression is running on, we then explore to what
degree the original data that is fed into the models is skewed. It was determined that whatever
percentage the stock was bullish or bearish from the last two weeks, was the amount that each
closing price for the last two weeks would be altered by. For example, if the sentiment for the
last two weeks of TSLA was 73% bullish, each of the closing prices for the last two weeks of
TSLA would be altered by a degree of 0.73. In this manner, the machine learning programs
were forced to find a new algorithm and create a new forecast for the price in the future on
skewed data that accounted for sentiment in the current day. This skewed data is fed into all the
extrapolation methods and the forecasts are averaged, yielding one all-encompassing
prediction.
The last part of this paper focuses on the results produced by the model and validating
it. The model was tested on two different time frames. Weekly and Daily. Each time frame
would have the same amount of sentiment fed into it, but they would run forecasting different
time periods. We trained the regression models to predict the close price of the stocks for each
day in the next two weeks. We tested these predictions and observed with the RMSE values of
the trained models that the daily prediction is much more in line than the weekly forecasts.
Overall, the model indicated extremely good accuracy as most of the time the model was neither
underfit nor overfit from an RMSE standpoint. The model, however, was not able to account
well for times of volatility on a numerical basis but despite this, the model was able to correctly
predict the direction of the security. In summary, using sentiment in combination with
extrapolation methods makes it possible for an investor to predict the daily closing price of
stocks with relative accuracy and within a trifling margin of error.
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Although the model does its best to attempt to include all actions of sentiment or FOMO,
some moves are unprecedented, such as TSLA’s recent skyrocket in price. Although the
sentiment indicated a bullish move, an overwhelming bullish move came over the stock. This
was also partly because the VIX, a volatility index, was high during TSLA’s booming rally.
Overall FOMO of stocks could have impacted the validity of the numbers presented but this is
precisely the limitation this paper focuses on to combat, or at the very least, lessen the impact
of during predictions. In addition, since so many regression methods were used to extrapolate
data, the original trained model could have been slightly skewed because the three regression
methods, although similar, are not the same.

4.1 Possible Changes
To better account for possible volatility in a share price, analysis of VIX may be key to
creating the perfect prediction model. VIX is the ticker symbol and the popular name for the
Chicago Board Options Exchange's CBOE Volatility Index, a popular measure of the stock
market's expectation of volatility based on S&P 500 index options. Using the VIX values as a
threshold value for future predictions could be a possible improvement on the model itself to
reflect a more accurate forecast even in times of volatility.

VIX Values Throughout Jan/Feb
Date

Value

1/10/2020

12.1

1/21/2020

18.84

2/03/2020

17.94

2/11/2020

15.8

2/20/2020

16.54

2/28/2020

40.11
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As we live in a time where nearly everything is digitalized, investors can take advantage
of the internet revolution by gauging moods surrounding stocks and automating statistical
analysis to make key predictions for the future. The uses of such a finding transcend beyond
just the traditional investor, as an algorithm like the one presented can be used by large
institutions and hedge funds to properly allocate portfolios to catch stocks that are undervalued
or near their bottom. Many of the works this paper hinges on have been proven and are shown
to be true by the findings presented. Algorithm traders and market makers can also utilize
StockTwits as a medium for sentiment analysis, as it is a crowdsourced platform where the
general public can express sentiment for the stock. Again, as stated many times, sentiment
analysis from social websites is of preeminent importance in prediction of security prices in the
future. In the end, even if the average investor isn’t a wall street savant, the people are what
drive the economy, and the people rally together as one large, ubiquitous force that is all
prevailing in the current day and age; greater than any one trader on the floor.
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Appendix
Shares of stock:
A share of stock refers to the security put out into the general public’s hands by the ownership
of a specific company. In return for your investment into the share of stock, you are rewarded
with an extremely small percentage of ownership in the company’s profits (and losses).
Bullish: Long on the stock, investors hope the price will increase
Bearish: Short on the stock, investors hope the price will decrease over time
Monte Carlo Simulations:
Monte Carlo simulations are a concept which uses the idea of randomness in order to simulate
something so many times based on some number usually relating to volatility or standard
deviation to find out the probability of something happening based on those simulations. For
one model, I have used it to predict the stock price of a certain stock for the month based on the
daily volatility of the stock. With this number I used the NORMINV function in excel to create
a simulation for a given trading month. Using what-if analysis along with standard deviation,
the model is able to give me an idea of what price it will be above at the end of the month and
give you a general idea of where the stock is headed purely based on statistics.
FOMO: Fear of missing out. In the hopes that they won’t miss another rally, there is a surge of
buying in certain stocks. We saw this with TSLA’s unprecedented rally around February.
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