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This study aims to investigate the relationship, if any, between sentiment in conventional

media and high frequency data in financial markets. This study was conducted through a
case study of the returns and volatility of GameStop stock (GME) using newspaper and
financial blog data obtained from the Lexis Nexis News & Business database. Sentiment
analysis was performed using the RockSteady affect analysis system, developed in Trin-
ity College during a previous study. Financial data was obtained from IEX Cloud. A
pipeline of tools and steps are presented forming a method for the analysis of applications
of conventional sentiment analysis techniques to high frequency data. Some of the in-
herent limitations within high frequency data are explored as well as methods for coping
with these inherent limitations. It is shown that while traditional methods of economet-
ric analysis are limited in their application to high frequency information for stock level
financial information and conventional sentiment information, exploratory analysis can
be performed. Through this exploratory analysis a complex relationship between high
frequency data and sentiment has presented itself.
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Chapter 1

Introduction

This study aims to investigate the relationship, if any, between sentiment in conventional
media and high frequency data in financial markets. This study is conducted through a
case study of the returns and volatility of GameStop stock (GME). This study was per-
formed using newspaper and financial blog data obtained from the Lexis Nexis News &
Business database. Sentiment analysis was performed using the RockSteady affect anal-
ysis system, developed in Trinity College Dublin during a previous study. Financial data

was obtained from IEX Cloud.

Previous studies into the impact of sentiment on financial markets have found that
scheduled macroeconomic announcements have an impact on the market, [Poitras (2004)).
Others have found that sentiment in conventional news media at a daily frequency can
also have an impact on the market, Ahmad et al. (2016]). Some studies have investigated
the impact that social media, such as twitter data, can have in the market Broadstock and
Zhang| (2019). Conventional media such as news papers or blog posts tend to be produced
at a lower frequency than other forms of media such as social media. While there may be
social media data available minute on minute, newspapers may only be printed daily or
2 to 3 times a day in the form of blogs with the former more unlikely to include a time of

publication than the latter.



This poses a challenge when it comes to investigating the impact of this lower fre-
quency sentiment variable on the higher frequency financial variable through traditional
methods of economic analysis. Time series analysis methods such as multivariate vector
auto regression have been proven in the past to be useful in analysing the relationships
between endogenous variables within the market such as volume of sale, prices, highs,
lows and returns with exogenous variables such as sentiments scores and media volume.
A time series, as defined by the Collins English Dictionary is "a set of observations, re-
sults, or other data obtained over a period of time, usually at regular intervals” |Collins
(nd)). The key issue here is that a time series is data sampled at regular intervals. In
simple terms, it is data observed at successive equally spaced points in time. Therein
lies the problem. Financial data can be generated at high frequencies such as minute by

minute but conventional news media is not generated every second or minute of the day.

There also exists inherent issues in high frequency data. Even though we can sample
financial data at high frequencies such as minute by minute, there does not always exists a
transaction at every point in time. there can be periods of time within the day, especially
when looking at an individual stock level, where no transactions occur and thus there is
no price. While news data can be published at any time during the day, any day of the
year, financial data is only available for points during the trading day where the market
is open and not all days of the year are trading days. News information, on the other

hand can be published at any time throughout the year.

Mixed Data Sampling Regression Models (MIDAS) are capable of performing regres-
sion on data of different frequencies though they attempt to predict a low freq variable
with a high frequency variable such as predicting quarterly GDP with monthly data.
Ghysels et al.| (2004)). This would not work here as we are trying to investigate the impact

of the lower frequency variable of news sentiment on the higher frequency market data.



Sun et al. (2016)) investigated the impact of high frequency investor sentiment on
stock market returns, utilising a proprietary data set from Thomson Reuters called the
Thomson Routers Market Psych Index, which is based on comprehensive textual analysis
of news wires, internet news, and social media. The Thomson Routers data set gave a
minute by minute sentiment score which was utilized at 30 minute aggregations in this
study to investigate the effect on S&P 500 returns. The S&P 500 is a weighted measure-

ment of the 500 biggest companies listed on stock exchanges in the United Sates.

According to its website, GameStop Corp is a Fortune 500 company based out of
Grapevine, Texas. It is a "digital-first omni-channel retailer, offering games and enter-
tainment products in its more than 4,000 stores and comprehensive e-Commerce properties
across 10 countries. GameStop” GameStop| (nd)). GameStop Corp was chosen as a case
study for this paper as it has recently experienced abnormal market growth towards the
start of 2021 and, as a result, larger media attention, that, at a surface level look, appears

to be sentiment rich.

In this study, stock market information pertaining to GameStop Corp was obtained
using IEX Cloud. TEX Group is is a company based in New York that originally started
as an off exchange market called the investors exchange in 2013 gaining approval as a na-
tional exchange in 2016 [EX-Group| (nd)). The data consisted of historical intrady values
between 9:30am and 4:00pm EST from 02/01/2020 to 01/04/2021 which was the longest

period of data obtainable from TEX Cloud.

1.0.1 Key Conclusions

Section [4.3.2 The pattern of returns variation increasing as negative sentiment score

increased. The pattern was shown to exist at low frequency and disappear as the data is



aggregated to higher levels. Variation in returns appears to be affected by intrady neg-
ative news sentiment as variation increases with increasing score but returns were then
observed to remain tightly around 0 for extreme highs in sentiment value. One possible
explanation for this phenomenon could potentially be a reaction of investors to uncer-
tainty around a very high scoring negative event in the news. This could be investors
re-examining their position in the market due to uncertainty or it could be the result of
outliers in the data, this could be an interesting point for future analysis of the problem

area.

Section 4.3.3. The movement of returns around the arrival of negative news. Line
graphs generated for different levels of data aggregation explored 30 points before and
after the arrival of news. Returns seem to stabilize closer to 0 around the arrival of
news. Patterns of an initial positive movement direction in returns after news arrival was
observed followed by increasing negative movement. The pattern was most observable
at 2 minute aggregation. This stabilization followed by increased volatility could be, as
mentioned before, a reaction to uncertainty and would be an interesting point of further

analysis.

1.0.2 Thesis Structure

Chapter [2 discusses some definitions of concepts in the paper as well as the most influential
background research that was studied in preparation for this project. Chapter |3| defines
the pipeline of tools used in this project and then explains how that pipeline was utilized.
Chapter {4| presents the results obtained from the pipeline and attempts to infer meaning
from the results. Chapter 5| concludes the paper, discuses limitations that affected the
project as well as suggesting potential future works, followed by a bibliography of cited

works and an appendix of additional supporting graphs, tables and figures.



Chapter 2

Motivation and Literature Review

2.1 Some Definitions

2.1.1 High Frequency Data

According to [Taylor| (2005) ”High-Frequency is the adjective used to indicate that prices
are recorded more often than daily”. With the continuous advancements in computational
power and information retrieval speeds the ability to obtain data at a high frequency and
even an ultra high frequency has improved dramatically. Financial data is even obtain-
able at a tick by tick level, reporting transactions as they occur in the market. |Dacorogna
et al.| (2001) explains that the number of observations made in one single day of a liquid

market can be the equivalent number of daily observations for 30 years.

2.1.2 Sentiment Analysis

According to Lexico, Powered by the Oxford English Dictionary, sentiment analysis is
"the process of computationally identifying and categorizing opinions expressed in a piece
of text, especially in order to determine whether the writer’s attitude towards a particular

topic, product, etc. is positive, negative, or neutral.” lexico| (nd)). Sentiment analysis is a



branch of Natural Language Processing which is itself a branch of Artificial Intelligence. In
this paper a lexical approach to sentiment analysis in text is employed. This involves the
use of affect dictionaries or a lexicon of pre-tagged words where words have an associated
speech category and counts of those words in each category are used to produce a score

such as counting the number of negative words in a text to determine a negativity value.

2.1.3 Conventional Sentiment Analysis

Previous studies into the impact of sentiment on financial markets have found that sched-
uled macroeconomic announcements have an impact on the market, Poitras (2004). Oth-
ers have found that sentiment in conventional news media at a daily frequency can also
have an impact on the market, Ahmad et al.| (2016)). Some studies have investigated the
impact that social media, such as twitter data, can have in the market. Broadstock and
Zhang| (2019) In this study, the phrase conventional sentiment analysis is used to describe
sentiment analysis of conventional news media, such as newspapers or financial blogs as
opposed to social media data. Blog data, and for an even longer time, newspaper data
have been used to analyse relationships between investor sentiment and the market and

thus is referred as conventional in this paper.

2.2 Most Influential Works

In order to understand the domain in which I was conducting this study I had to perform
background research into topics not normally taught in computer science that I had little
to no prior knowledge of such as econometrics and behavioural psychology. Below I have
outlined some of the works that I found most helpful in my understanding of the subject

area and works that have served as the basis for my own analysis.



2.2.1 Taylor (2005)

Taylor| (2005)) provided me with a good understanding of econometric and financial anal-
ysis. I read relevant chapter’s on prices and returns, Stylized Statistics and Financial
Returns at both daily frequency and at high frequency as well as chapters on market
efficiency and trading rules. One of the main ideas I took from this book was the idea to
investigate returns as opposed to prices as there already exists a high correlation between
prices and returns and this may unfairly bias any models made. Another key take away
was the use of statistical measure like standard deviation, skew and kurtosis to explain

the data as well as explore aspects like volatility.

2.2.2 Ahmad et al. (2011)

Ahmad et al. (2011)) is a paper investigating the possible effect of repeated affect words in
conventional news media on election results. The paper investigated media bias towards
political parties and party members in Irish news papers using the Lexis Nexis media
corpus providing me with the background information regarding its effectiveness and use.
The Rocksteady tool, developed in house in Trinity college Dublin, was also employed
in this paper. The authors of this paper created a domain specific dictionary of terms
related to parties and party members in the Irish election and employed a lexical approach
to the analysis of information in the media. This served as supporting evidence for the
effectiveness of the Rocksteady platform and the use of domain specific dictionaries as
well as my decision to employ a lexical approach to my analysis of sentiment in news
media as opposed to a machine learning approach. The results of this paper showed the
effectiveness of the method employed highlighting for me, the possible effectiveness of the

use of Lexis Nexis, Rocksteady and domain specific dictionaries in my own work.



2.2.3 Sun et al. (2016)

Sun et al.| (2016]) explored the relationship between high freq investor sentiment and
returns at a market level, There analysis was based on a comprehensive textual analysis
of online news media, news wires and social media data. The dataset used for their analysis
was provided by Thomson Routers MarketPsych Index, a company that provides access
to minute by minute market sentiment data analysed using proprietary text analytics
methods. The authors of this paper explored the predictive power of half hour lagged
investor sentiments on returns in the S&P 500 index and further showed the predictive
power of sentiment also applied in other stocks and bonds. The authors also explored
the general movement pattern of the change in mean and standard deviation of investor

sentiment and returns through out a trading day at half hour intervals. This worked

served as the basis for the results produced in Section [{.3] Figures [4.3] and

2.2.4 Tetlock (2007)

TETLOCK] (2007) was a very influential paper for my research. Tetlock investigated
the interactions between a popular wall street journal column called ” Abreast of the
market”. This column gave a review of the market in the previous day. It looked at
summary indexes of market performance such as the Dow Jones Industrial Average and
commented on weather the market movement. The paper created a measure of negativity
or " Pessimism” as refered to by TETLOCK](2007). This measure was a standardized score
of negative sentiment in the ” Abreast of the market” column. Vector Autoregression was
employed to estimate a relationship between the score and returns. The residuals of these
returns where then graphed over the standard scores and a pattern emerged. The pattern
showed that the foretasted Dow Jones return residual was impacted the most outside of
-1 to 1 standard deviations of the mean standardized negative score with little impact
within the bounds of -1 to 1 standard deviations. This work is what led me to investigate

sentiment in rocksteady as a standard score or z-score as opposed to a total count of the



number of negative terms or a percentage value. Tetlock’s work was also the inspiration

for my analysis of the relationship between Negative scores and returns themselves in

Section [4.3.2]

2.2.5 Fama (1970)

There is a hypothesis regarding markets called the ”Efficient Market Hypothesis” [Fama,
(1970) which followed from Eugne Fama’s PHD dissertation in 1960. Fama maintained
that all prices on the stock market are perfectly set and in relation to their inherent
characteristics, of which, all are available to all investors equally. In other words Fama
believed that all information required to successfully analyse or estimate the state of a
market existed within the market itself and that this information was available to all
persons equally. It was his belief that as a result, no one could beat the market and make
excessive profits from it. One assumption of the Efficient Market Hypothesis is that all
investors perceive the information in the market the same way. If the communication of
information was perfect, there would never be an miscommunication, From a practical
point of view we know this to be untrue, as miss communications and misunderstandings
are a common day to day occurrence in everyday life. A weaker view of the efficient market
hypothesis has been adopted as a result of research suggesting that the hypothesis does
not hold true has emerged over the years. The weaker efficient market hypothesis suggests

that no one can beat the market though empirical analysis of the market alone.

2.2.6 Thaler (2005)

Thaler| (2005)) Provided an over view of behavioral finance and and how human behavioural
psychology and financial analytics intersect. Thaler has explored the idea of fungibility
and perception of value. The idea that items are fungible is one of the core ideas that
enables trade. In economics, fungibility is the idea that units of something are inter-

changeable with one another indistinguishably. For example, one $100 note is the same



as any $100 note in value. If one was to swap them there would be no loss or increase
in value on either side of the equation. Thaler| (1985) proposed an idea coined ”Mental
accounting”. Mental accounting is the idea that people perceive value differently to each
other based on some internal feeling towards an item. Take for example an old bottle of
whiskey purchased at $50. If the sale value of that whiskey increases over time to $150
dollars. Some people may view this as a $100 gain while others may perceive this as no
gain or lose at all. Suppose a special occasion occurred and you were to drink the whiskey.
Again, given the new value of the wine, some may see this as a financial loss while other
may see this as a sentimental gain, the wine had a special value to that individual as it
had a higher perceived value to them. Thaler shows that people tend to think differently
about money based on factors like the money origin, or a perceived purpose for money
Thaler| (1985) for example, people may forgo spending money from a college fund to clear
a debt as the college fund is perceived as ”Special” despite it being more beneficial to
clear the debt and reduce interest in the long run. This provides an additional theoretical
basis for the impact that investor sentiment may have on returns based on their own

perception of value.
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Chapter 3

Method

This section describes the methods employed during this research. Here I will discuss the
tools used in the pipeline of this research and explain the types of analysis carried out

using that pipeline

3.1 Research Objectives

The objective of this research is to investigate the relationship, if one exists, between
the negative sentiment in traditional media and high frequency data. To perform this
analysis I will look specifically at high frequency trade data, gathered at a minute by
minute level, for GameStop to explore a possible relationship to traditional news papers

and blogs posts.

11



3.2 Pipeline
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Figure 3.1: Pipeline diagram showing flow of data in this project

3.2.1 IEX Cloud

In order to gather high frequency financial data I required access to a database that stored
such information. High frequency data can be very expensive to obtain both financially
and computationally. One days worth of high frequency trade data could be the equivalent
of one and a half years of daily information. Many services I investigated would cost a

significant amount of money to obtain data regarding one specific stock. For this data I

12



chose to use IEX Cloud as it is both very comprehensive in data gathered and also very

cost effective offering options for students.

3.2.2 LexisNexis

To facilitate sentiment analysis, news data was required. For this data I chose to use the
Lexis Nexis News & Business database provided by the library here in Trinity College
Dublin. Lexis Nexis is a company that provides computer based legal research as well
as business and risk-management services. They maintain databases consisting of large
amounts of news data taken from Major and local news papers worldwide as well as news
transcripts, magazines and blogs. Lexis Nexis allows for you to filter news based on key
words, date ranges, publication type and name as well as many other usefully features.
articles can be downloaded in full with meta data describing the contents and who or

what the article may pertain to.

Major World
G. e
Eealchy Publications > Gamestop

News > Major World Publications > Results: (Gamestop)

Results for:Gamestop)| Actions

G selectLanguage | ¥ () Disclaimer
News 274 News (274) % =
Narrow by Group Duplicates:| off ~ | What'sthis?
Major Warld Publications X . )
S = 4 lz:mm Newsletter| 8612 Sortby: | Relevance v
English X ——
02 Jan, 2020 to 01 Apr, 2021 X 1. GameStop's Bizarre Rally Confounds Stock Analysts
LEdninciss X The New York Times 02 Feb 2021 Preview
The New York Times % Section B; Calumn 0; Business/Financial Desk; Pg. 1 1540 words
By Peter Eavis 37 hits
Clear who has followed GameStop for nearly two decades. “But not $200 to $300:" If GameStop stock falls back to earth, as often happens when
speculators move ..
Wall Street. The tens of thousands of people who work for GameStop will be eager to know if their employer can survive, let...
v Search within results go out of business. So will its landlords, creditors and others. GameStop did not respond to requests for comment....
..adog walker in Manhattan ,is a regular customer Stop stores have a good selection of which he buys ..
Include © Exclude ..ones he really likes!" Mr. Littman said on Friday outside a GameStop on 14th Street in Union Square. Withits future far from certain,
GameStop could take advantage of the mania inits stock by issuing ...
games from the internet is not as big a threat to GameStop as it looks. The company has a solid business in allowing...
parent company declared bankruptcy in 2004. Gamers love to gripe about GameStop's trade-in prices, saying the company sometimes pays
less than $2for them. Yet GameStop also occupies 2 nostalgic niche, reminding people of a time when ...
> Timeline
2. What Is GameStop, the Company, Really Worth? Does It Matter?
> Publication Location
The New York Times 01Feb2021 Preview
BUSINESS 1565 words
> Publication type Peter Eavis 37 hits
who has followed GameStop for nearly two decades. “But not $200 to $300. If GameStop stock falls back to earth, as often happens when
5 Subject speculators move...
Wall Street. The tens of thousands of people who work for GameStopwill be eager to know if their employer can survive, let...
g0 outof business. So willits landlords, creditors and others. GameStop did not respond to requests for comment...
> Industry parent company declared bankruptcy in 2004. Gamers love to gripe about GameStop's trade-in prices, saying the company sometimes pays
less than $2for them. Vet GameStop also occupies a nostalgic niche, reminding people of a time when ...
..For many years, it didn't matter that GameStop s stores were a little grungy. They were the place where .
> Company ..games, debate the merits of different franchises and get advice from GameStop 's staff, often avid gamers themselves. In the 2000s, this
winning
5 G of stores around the world and make maney hand over fist. GameStop °s stock more than doubled in 2007 because investors believed the . %
. 4

Figure 3.2: Lexis Nexis Web Interface
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3.2.3 Rocksteady

Rocksteady is a tool developed in House in Trinity College Dublin. Rocksteady is a sys-

tem for affect analysis of text documents. Rock steady employs a lexical approach to

affect analysis using affect dictionaries such as the General Inquirer Dictionary. It also

allows users to import external dictionaries such as purpose built affect dictionaries to

be used in combination with other dictionaries or on their own. Data can be aggregated

at a Century level right down to the second as well as source or individual articles level.

Rocksteady was also chosen as it is compatible with data gathered from the Lexis Nexis

database. It has also been proven effective in previous studies as outlined in Chapter 2]

Rocksteady (Article Affect Analysis Engine) 0.4 (Not a Hudson build)

File Options Other Tools Help

Input Filter:

Figure 3.3: Rocksteady Interface
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3.2.4 Custom Python Functions

For the aspects of the project that did not already exist in the tooling or that required
special operations outside of the tooling I opted to write these in python. I chose python
as it has a wealth of data science/analytics and statistical analysis modules that I could
employ for the manipulation of spreadsheet data with more freedom in a programmatic
way than tools such as excel or apple numbers would allow me. Alterations were also
made to the Lexis Nexis document parser that Rocksteady uses. The output format of
Lexis Nexis has recently changed and the parser had to be updated. I also made additions
to the parser to enable it to read time data attached to news articles from different time
zones around the world. This was necessary as the focus of this research required time

data from articles that was not previously passable.

3.2.5 Pandas Profiling Tool

Pandas profiling is a tool developed as a module in python for summarizing pandas
dataframes in a more comprehensive manor than that of the pandas in built describe
function. The tools provides descriptive statistics such as means, standard deviations,
skewness and kurtosis. It also performs certain test such as Pearson correlation and en-
ables the analysis of interactions between variables in the dataset. The tool allows for
comprehensive exploratory analysis of data that was very helpful in understanding the

nature of the data in the project.
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Overview

Wamings €) Reproduction

Dataset statistics Variable types
Number of variables 1 Categorical 1
Number of observations 120142 Numeric 10
Missing cells 384429
Missing cells (%) 29.1%
Duplicate rows 0
Duplicate rows (%) 0.0%
Total size in memory 10.1 MiB
Average record size in memory 88.0B
datetime Distinct 120141 2021-03-01 15:58:00 2
2020-03-02 14:23:00 1
Categorical aae a
Distinet (%) > 99.9% 2020-12-11 09:49:00 1
HIGHRCARDINALETY Missing 0 2021-03-04 13:34:00 1
UNTFORY 2020-07-24 15:14:00 1
Missing (%) 0.0% -
Other values (120135) ([T
Memory size 938.7 KiB
Toggle details
high Distinct 16130 Mean 42.83246207
Real number (R.o) Distinct (%) 22.8% Minimum 2575
HIGH CORRELATION
Missing 49358 Maximum 482.55
MISSING
Missing (%) 41.1% Zeros 0
Infinite 0 Zeros (%) 0.0% Mo e e
Infinite (%) 0.0% Memory size 938.7 KIB °E ¢ F F
Toggle details

Figure 3.4: Example of HTML Interface generated using Pandas Profiling for
exploratory data analysis

3.2.6 GRETL

The GNU Regression, Econometrics and Time-series Library (GRETL) is an open source
program for the performance of econometric analysis. The system allows users to perform
the basic statistical techniques for Econometrics and Time-Series Analysis using a graph-
ical user interface and a command line if required. GRETL also has its own scripting
language called HANSL that allows user to add in custom functions and for the develop-

ment of community made packages. GRETL was used to perform Vector Autoregression
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on the financial data and standardized sentiment score.

e0 e gretl
File Tools Data Wiew Add Sample Variable Model Help =
GME_1min_RESAMPLE.csv * JfUsersfadamteehan/gretl
1D # Variable name Descriptive label

0 const

2 high

3 low

4 volume

5 notional

6 numberOfTrades

7 stock_open

8 stock_close

9 articles

10  negativ
11 Log_Returns

Time series: Full range 1 - 120142
il i H 1= 2 8 B

Figure 3.5: GRETL Interface

3.3 Implementation

3.3.1 Data Collection

The first step in the pipeline is the acquisition of data. Lexis Nexis does not provide an
api for access to its corpus and has a limited download tray size of 500 articles at a time.

As a result, 7587 articles were gathered by hand and downloaded in groups of 500. These
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news items were than parsed and aggregated together into one file using the rocksteady
parser. Newspaper articles were collected from major US and worldwide newspapers as
well as Newstex blogs to create a large sample size to compare with the high frequency
trading data. Articles that contained reference to ” GameStop” were selected so that ar-
ticles that were not specifically about GameStop directly were included such as, articles
surrounding the recent Senate investigations into the trading of GameStop stock being
frozen by Robinhood. Table shows the number and source of major US newspaper
articles collected from Lexis Nexis. Please note: The Wall Street Journal only provides

its abstracts on Lexis Nexis and not the entire articles.

Table 3.1: Table showing source and number of articles for major us newspaper data
collected from Lexis Nexis between 01/01/2020 and 24/04/2021

H Source Articles H
The New York Times 301
Wall Street Journal Abstracts 103
Los Angeles Times 52
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Table Shows the number and source of major worldwide newspaper articles col-
lected from Lexis Nexis. Worldwide news was collected and, where a time was provided,
localized to US/Eastern time to increase the number of observations of news during the

day.

Table 3.2: Table showing source and number of articles for major worldwide newspaper
data collected from Lexis Nexis between 01/01/2020 and 24/04/2021

H Source Articles H
National Post (f/k/a The Financial Post) (Canada) 939
Financial Times (London, England) 473
The Times (London) 262
telegraph.co.uk 164
thetimes.co.uk 147
The Guardian (London) 105
Australian Financial Review 101
The Daily Telegraph (London) 99
The Irish Times 60
The New York Times - International Edition 25

Newstex is a company that provides curated blog information to users and is the only
type of blog available in Lexis Nexis. Table shows the top 10 blog sources as identified

after downloading all Newstex blog information for the observed period in this case study.

Table 3.3: Table showing top 10 sources by number of articles for newstex blog data
collected from Lexis Nexis between 01/01/2020 and 24/04/2021

H Source Articles H
The Business Insider 874
MarketBeat 403
Benzinga 381
Watchlist News 240
Phil’s Stock World 209
9tobHToys 198
Zacks Investment Research 193
Proactive Investors 162
Financial Press 160

19



As part of this project, financial data pertaining to GameStop was also required for
comparison with sentiment data from the news. IEX Cloud provide api access to their
data that can be written in python code. A script was written to take in a start and end
date for the data download period which then downloaded intrady data for each trading
day in that period. The data returned by IEX Cloud is very comprehensive. An exam-

ple of the data provided by IEX Cloud can be found in the appendix of this paper Table ]

Most of the information required for this project is readily available in the download.
The only value that was required to be calculated, other than summary statistics, was

the log returns value. Log returns was calculated using the following formula.

ry = log(Ci) — log(Ci) (3.1)

Where:

r; is the return at time t

Cy is the closing price at time t

Note: t-1 is the time of the last observed closing price and not explicitly the time before
the current time as there were some cases where there were no trades in the previous time
immediately before the current time. This was done as Log returns is a measure of the
change in returns over time and a return can only be calculated where there is a previous
observed price as well as a current one. The missing values were not filled with zeros,
which would imply the asset is free, as the price when there is no trade is not zero, it is

non existent.

3.3.2 Domain Specific Dictionary Creation

During initial analysis of news data it was noted that terms such as ”Game” had a positive
representation in the default Rocksteady Dictionaries. Game is a common word specific

to this domain as game is used to refer both to GameStop and the products of its trade. It

20



was clear that a domain specific dictionary of words with an overridden neutral meaning
in the context of GameStop needed to be created. In order to determine these words, a
word weirdness calculation was calculated using equation Ahmad and Rogers| (2001)).
Word weirdness is a measurement of how much more frequently a word appears in a

specialist corpus vs a general language corpus.

(%)

(%)

weirdness = (3.2)

Where:

ws is frequency of word in specialist language corpus
wy is frequency of word in general language corpus

t, is total count of words in specialist language corpus

ty is total count of words in general language corpus

In order to perform this calculation, a general corpus with which to compare the data
was required. For this, the American National Corpus ANC (nd) was chosen as 71% of
the news data gathered surrounding GameStop is from the United States. Also given that
GameStop is a United States registered company, the assumption was made that some
language usage surrounding GameStop in international papers would also be American

English related.

Table 3.4: An example section of the American National Corpus Freq Data

H Word Lemma Part-of-Speech  Count H
arlington arlington NNP 255
abbreviations abbreviation NNP 191
cosmically cosmically RB 2
ladybug ladybug NN 11
particularly particularly UNC 44
patent patent NN 97
z0oom zoom VB 38

The news data was aggregated together and broken down into word tokens. These
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word tokens where then part of speech tagged using the Penn Treebank tagset in the
python NLTK library. Following equation [3.2] word weirdness scores where then calcu-
lated for each of these term and tag pairs. An example of the output can be seen in Table

of the Appenidx

Nouns with a high weirdness score where than compiled into a dictionary for Rock-
steady. Nouns were chosen to override sentiment scores attached to words, such as ’Game’
that are not verbs or other language parts in the context of our Gamestop corpus but
rather describe a common person, place or thing. Words that returned a score of infinity
were seen as either new words, slang words or misspellings of words as the infinity score

meant they only occurred in the specialist corpus.

3.3.3 Sentiment Analysis

Sentiment Analysis was carried out in Rocksteady. Negative scores where calculated us-
ing the Negativity category of the General Language dictionary, in combination with the
Integrated Oil, Finance and Economics dictionary, created by Khurshid Ahmad in previ-
ous research, containing overrides for terms that are negative in the context of economics
and finance as well as the Domain Specific dictionary generated as outlined in section
3.3.2, Focus was given specifically to negativity as [TETLOCK] (2007) determined that
negativity in the media is the main driver of investor sentiment. Negativity scores were
calculated as a standardised z-score as opposed to a percentage or total negative word
count. The reason for choosing z-score was again based on observations by [[ETLOCK
(2007) who observed that return residuals showed greatest movement for standardised
negative scores above 1 and below -1. z-score is an indication of how many standard

deviations a score is beyond the mean score.
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Table 3.5: Shows example output from Rocksteady indicating the date and time of the
negativity score. the number of articles at that time and the negativity score as z-score

H Title Articles Negativ H
06/12/2020 from 20:45:00 to 20:46:00 1 -0.68
24/11/2020 from 16:30:00 to 16:31:00 1 -0.98
08/07/2020 from 00:25:00 to 00:26:00 1 2.57
29/01/2021 from 18:19:00 to 18:20:00 1 1.72
02/02/2021 from 16:00:00 to 16:01:00 1 -0.77
12/03/2021 from 14:05:00 to 14:06:00 1 -0.33
10/02/2021 from 16:00:00 to 16:01:00 1 -0.29
23/02/2021 from 00:06:00 to 00:07:00 1 0.2
15/04/2021 from 00:00:00 to 00:01:00 12 -0.55

3.3.4 Financial Data Analysis

Financial data was obtained from IEX Cloud at a Minute-by-Minute level. IEX Cloud
Provides a comprehensive amount of information for a stock such as open, close, low,
high, average, volume and number of trades as well as information at a market level. For
the purpose of this study focus was drawn to log of returns and volatility. Returns infor-
mation and volatility are calculable from the provided data. Log of Returns was chosen
instead of open or close prices as |Taylor| (2005]) notes there is a historical trend in open or
close prices being closely related which would make any model unfair. Stylized statistics
Taylor| (2005) were calculated using the Pandas Profiling Tool to explore the nature of the
financial data obtained. Standard deviation is calculated as a measure of returns variance.
This is an indication of the volatility of an asset. Higher Standard deviations indicating
a larger variance on returns and vice versa. Skewness and Kurtosis are also calculated to

help understand the distribution of the data.

One of the major problems with high frequency data can be data sparsity. News data
is not produced at a minute by minute rate, and there are not always trades for every
minute of a trading day. One method to counter this is to aggregate data at a higher
frequency level such as a daily level to avoid gaps in the data. While this works, by taking

a daily representative value one may fail to capture intraday patterns. Other approaches
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use imputation methods to fill in missing gaps with values in between the last and next
observed value. This too can cause unwanted effects in the data as the absence of data
may itself be an indication of market behaviour and one must ask themselves is the reason
for the absence of data significant. For example absence of trades for a prolonged period
of time could be an indication of investors sentiment itself as investors choose to hold
their stock. Unlike columns such as volume and and number of trades where the value
is zero if no trade occurs, absent values for price can not be replaced with zeros. The
price for a share is not 0, which would imply it is free, at that time. It is non-existent
as no one is selling or buying. Other methods involve the removal of missing data but
this too causes issues for traditional methods of economic analysis using time series anal-
ysis. A time series is defined as a set of observations, results, or other data obtained
over a period of time, usually at regular intervals. If we remove missing values from the

data we create an irregular interval gap in the data which is an issue in time series analysis.

For this reason, data was scaled in powers of two to find at what level, in this case
study, is the absence of data not an impact on our Time Series analysis and if that point

is still at a high enough freq to analyse intraday patterns.

Analysis of the interactions between negative sentiment in the news and returns is
also presented. Scatter plot graphs are created showing returns over negative sentiment
score at different levels of aggregation. The graphs are then analysed to determine if a

relationship exists between returns and nagative sentiment score.

Analysis of returns around the arrival of negative sentiment in the news is presented
as well. Line graphs are created showing returns over negative sentiment score at different
levels of aggregation for 30 steps before and after the arrival of negative news. The times
at which news arrived were all aggregated into on news arrival point and the values 30

points before and after each were also aggregated in the same fashion. The graphs are
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then analysed to determine if a relationship exists between returns and negative sentiment

score around the arrival of negative news.

Where applicable, vector autoregression is employed to analyse if z-score for negativity
and lagged values for returns have a statistically significant impact on the prediction of
future returns. Regression analyses how variables change over a period and estimates a
relationship between the variables. Vector autoregression allows for the use of previous
observations of a variable to predict future values of it in the form of lagged variables. It
uses endogenous variables which are internal to the system such as return value and also

incorporates exogenous variables from outside the system such as sentiment.

Vector Autoregression was calculated using the following equation.

Ty = o+ oqri—1 + aorig + Bis + Basi—1 + & (3.3)

Where:

r is returns

a and [ are the coefficients of 5 lags of return
s is the coefficients of sentiment

€ 1s the error term.
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Chapter 4

Results

This section outlines the results obtained from the above pipeline and attempts to in-
terpret a meaning. This is an exploratory analysis of potential patterns in the data to

determine if there exists a possible relationship between returns and negative sentiment.

4.1 Data Sparsity

Different markets have different opening times. A trading day, in this case study, is from
market open 9:30am to market close 4:00pm EST Monday to Friday, excluding holidays
and short close days. There are 390 minutes in a trading day vs 1440 minutes in a normal
day. News can be published at any time throughout the day, any day of the year while
market information is more restricted. Data for this study was collected from 02/01,/2020
to 01/04/2021. Table shows the number of articles collected and the number of times
provided both in total and within a trading day. Through analysis of this data it was de-
termined that news papers infrequently provide time of release. Only 21% of news papers
provided time data with only 32% of the provided time data being within the trading
day. There is a significant amount of data sparsity in conventional news media data for

comparison with high freq trade data.
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Table 4.1: Table showing number of articles, number of publishing times provided for
the articles and the number of these times that were within the trading day time of 9:30
am to 4:00 pm EST for each media type between 02/01/2020 and 01/04/2021

H Source Articles Times Provided Within Trading Day H
US Newspapers 425 167 56
World Newspapers 2236 391 123
Blogs 4926 4962 1345
Total 7587 5520 1524

Figure [4.1] shows a break down of the sparsity of the data collected in this study when
data was collected at a minute by minute level. As discussed in section we can
see there is some level of data sparsity. For example, there is not the same amount of
stock open and close prices as there are date-time points in this data set. This is due to
there not always being trades made every minute of the trading day. This has a knock
on effect on high and low prices as there can exist no high or low price for a trade that
never occurred. Similarly the log of returns also suffers as no returns can be calculated
for days that did not have a closing price. As previously mentioned in there is no

perfect solution for the imputation of this missing data.

To avoid imputing data, the data can be aggregated together at a lower frequency at
the possible expense of losing some higher frequency behaviour. Figure shows the per-
centage of missing data at different aggregation levels in minutes. Note that missing data
does not fully disappear in this case study until the data is aggregated at 4096 minute
intervals. This is approximately two week intervals of stock level intraday trading data
including sentiment information. By this time the data is no longer at a high frequency.
Also note that this aggregation ignores news data that occurred outside of the trading
day. Unlike previous studies where news and financial data were aggregated at a daily
level including news for the entire day, here this analysis is only concerned with intraday

patterns of sentiment.
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Figure 4.1: Breakdown of missing data for minute-by-minute data. Bottom x axis shows
the variable name. Top x axis shows total number of points present in the dataset for
that variable. Left y axis shows amount of data missing in decimal representation of a

percentage and the y axis on the right shows the number of points from 0 to total
datetime points in the data.

It is also worth noting that, in this case study, log of returns data has no missing
values when the data is aggregated at 64 minute intervals. This is excluding the first
point which will always be missing as no close price can ever exists before the first point.
The sentiment data does not reach a level with no missing values until it is aggregated
at 2 week intervals. Time series analysis could be applied to log of returns for the entire
dataset here at the 64 minute aggregation level but, since this paper is interested in the

relationship between sentiment and log of returns, this is not carried out.
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Figure 4.2: Line Graph showing change in % missing data over different aggregation
levels in minutes,

4.2 Summary Statistics

Table shows the summary statistics for log of returns and negative sentiment score
rounded to two decimal places for financial data at a minute-by-minute level. To avoid
misleading results such as variance of zero which would imply all values are the same,
in this case they are not and instead only exhibit minor changes. some values has been
displayed in scientific notation. Focusing on log of returns first, the mean, standard de-
viation and variance of near zero suggest that most of the return values are close to each
other exhibiting only minor change. A skewness value of 14 would suggest that the data is
highly positively skewed and a kurtosis value of 1961.17 would suggest that the distribu-
tion is a leptokurtic distribution with large outliers in the data. This can be seen too in the

min and max log of return being -0.77 and 0.99 respectively despite the mean being near 0
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Focusing now on negative sentiment score, the mean is similarly close to 0 like log of
returns. The standard deviation and variance on the other hand are larger, nearer to 1,
indicating a wider spread in values than the log of returns. The skewness value of negative
sentiment score is much lower than that of returns. 0.95 suggests the data is moderately
positively skewed. Kurtosis is also much lower, the value of 1.45 suggests that there is
still more data in the tails than in a standard distribution though the amount is not as
extreme as in the returns. The minimum value for negative sentiment is -1.4 and the
maximum is 4.96. as the data is positively skewed and the mean is 0, this would suggest
that the values around 4.96 are extreme values. Distributions charts for Log Returns and

Negative Score are available in the appendix, Figure |3| and Figures [4] respectively.

Table 4.2: Descriptive statistics for log of returns and negative sentiment score in
minute-by-minute data. Data ranges from 9:30 am to 4:00pm. EST 02/01/2020 to

01/04/2021
H Measure Log Returns Negative Score H
mean 4.83x107° -0.02
std 0.01 0.94
skewness 14.89 0.95
kurtosis 1961.17 1.45
variance 1x10~4 0.88
min -0.77 -14
max 0.99 4.96

4.3 Relationships/Patterns

4.3.1 Intraday patterns in Returns and Volatility

As seen in section [4.1] there is a significant data sparsity issue when it comes to the anal-
ysis of conventional media sentiment and intraday financial data. In order to explore and

identify possible patterns in the returns and sentiment at an intraday level, the data was
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aggregated across each day by the minute to get an average value for different points of
the day. i.e minute 1 is the average value for all the first minutes of each day in our
dataset, minute 8 is the average value for the first 8 minutes of every day in our dataset
etc. Table [3[in the appendix shows these values scaled by the power of two with the final
value being equivalent to the average for the entire day, to explore movement patterns of

the average throughout a day.

Figures and [£.4] show the percentage change in the mean and standard deviation
of the log of returns and negative sentiment score throughout the day respectively. Fig-
ure is similar to the findings of Sun et al|(2016). The largest percentage changes in
returns occur in the morning and appear to settle down during midday but interestingly
here, the mean returns increase again, but to a smaller extent, towards the evening. Sun
et al. (2016]) observed that the percentage change in the mean remained near zero after
the initial change in the morning. Volatility follows the pattern shown by Sun et al.| (2016)
more closely, it is stable throughout the day and increases towards the end of the day.
Due to the power scaled nature of the results in this paper there is no percentage change
in standard deviation at 2! minutes. This is due to there being no standard deviation
at 2° as there is only one value and as such a standard deviation cannot be calculated.
This means that there is no percentage change between NaN and the value at 2'. As a
result it was not possible to explore if there was a large percentage change in standard
deviation at the very beginning of the day like there was observed by [Sun et al.| (2016).
The relatively large change observed in mean returns in the morning could possibly be a
reaction to news published outside of the trading day, this news is not captured in this

study as this study focuses on intraday data.

Figure [.4] shows that the mean and standard deviations for negative sentiment score
change significantly around the 8 to 16 minute mark of the day. This fits with the large

percentage change observed within the first half hour of the day by Sun et al. (2016).
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While the standard deviation levels out for the rest of the day the mean negative score
increases toward the end of the day significantly, this change, similarly to the rise in mean
return in the evening above, is different to what was observed by Sun et al.| (2016) at
a market level. Note the missing percentage change in standard deviation at 2' for the

same reason as was explained for figure [4.3]
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Figure 4.3: Percentage change in the mean and standard deviation of the log of returns
throughout the day. The data is an aggregation of intraday returns for GameStop across
every day from 02/02/2020 to the 01/04/2020
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Figure 4.4: percentage change in the mean and standard deviation of the negative
sentiment score throughout the day. The data is an aggregation of intraday negative
sentiment scores, obtained from news gathered during this research, for GameStop every
day from 02/02/2020 to the 01/04/2020

Pearson’s correlation was run on the data at a 1 minute level. A heat map showing
the correlation between all values in the dataset was produced. Stock open and close
prices as well as high and low values show a strong positive correlation of approximately
1. This is aligned with the statements made in Taylor| (2005]) that open and close prices
are highly correlated. Volume, notional value and number of trades show a correlation to
each other less than that of open, close, high and low but still a strong positive correlation
of approximate 0.7. Log of Returns shows no correlation to any of the other variables.
Negative score shows a weak positive correlation to open, close, high and low prices.

Negative score also shows a very weak positive correlation to notional value and number
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of trades though it is low enough to be near negligible.
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umberOfTrades
stock_open
stock close
Log Returns

Figure 4.5: Pearson’s correlation heat map for minute-by-minute data

4.3.2 Visual exploration Sentiment and Returns

TETLOCK] (2007) showed that the residual of returns for the DOWJ did not fluctuate

greatly within -1 to 1 standard deviations of the mean standard score for negative senti-
ment. He showed that outside of -1 to 1 standard deviations of the mean is where larger
changes can be observed. The above concept has been applied below to returns and nega-
tive sentiment to investigate the change in returns themselves as negative sentiment score
increases. Scatter plots have been produced describing the interaction between negative
sentiment score and returns. A full view of all scatter plots can be observed in the ap-

pendix of this paper Figure
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Figure shows the log of returns plotted over the standardized negative sentiment
score for 1, 4, 64, 256, 1024 and 4096 minute aggregations of data. At 1 minute aggre-
gation returns variation appears to be relatively stable for low negative sentiment values
and appears to increase in variation as negative sentiment score increases before leveling
out at very high negative sentiment scores. At 4 minute aggregation the pattern appears
more clearly with values being relatively stable for negative score below 0 and increasing
in variation as the negative score increases. Returns begin to stabilise again as the neg-
ative score passes 2 and becomes more extreme. The pattern is still visible at 64 minute
aggregation but is beginning to fade as the variation is most prevalent around a negative
score of (0 as we increase the aggregation further to 256, 1024 and 4096 the pattern of
increased variation as the negative score increases is gone. At low levels of aggregation
there does appear to be a relationship between increased variation in returns and an in-

crease in negative sentiment score.
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4.3.3 Returns Movement Around News Arrival

Grof-KluBmann and Hautsch (2011)) investigated changes in different market variables,
such as volume of trade, around the arrival of news items. A similar approach was applied
below to returns and negative news arrival. Figure |4.7/shows the movement of log returns
at different steps around the arrival of negative news averaged across all days in the data
set at 1, 2, 4 and 8 minute aggregations as the relationship in section was seen to

be strongest at low levels of aggregation.

The returns appear to follow a general movement pattern of up ticks followed by down
ticks throughout the day. At 1 minute aggregation returns seem to be relatively posi-
tive before the arrival of negative news, the variation in returns then appears to stabilize
around the arrival of negative news. This is followed by an initial increase in returns for
10 steps followed by a large decrease to the lowest point in this window. At 2 minute
aggregation, the pattern appears more clearly. The movement of returns increases posi-
tively before the arrival of negative news at which time the variation in returns appears
to stabilize. There is an initial increase in return followed by a decrease. From here the
variation in returns increases with an increasingly larger negative return before appearing
to stabilise. At 4 aggregation there is a less recognizable pattern in the returns. There
still appears to be a stabilization in variation of returns around news arrival followed by
increasingly negative returns. At 8 minute aggregation the variation in returns decreases
as the arrival of negative news approaches, again stabilising more around the arrival of
negative news followed by a relatively large negative drop in returns which remains below

or very close to the zero mark on the y axis
The initial stabilization around the arrival of negative news could be a sign of investor

uncertainty as investors react to the sentiment contained within the news and attempt to

form new opinions about their position in the market.
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Figure 4.7: Movement of log returns at different steps around the arrival of negative
news aggregated across all days in the data set at 1, 2, 4 and 8 minute aggregations.
days are from 02/01,/2020 to 01/04/2021

4.4 Focus on slice of data

As shown in Figure the point at which there are no longer any missing values in this
case study is when the data is aggregated as a 4096 minutes, or approximately 10 day
level. At this point vector autoregression is possible as there are no gaps in the time
series. As the interest of this paper is the application of conventional sentiment analysis
techniques at high frequencies, two weeks is too significantly low of a frequency to be of
any interest. Vector autoregression was run on a section of the data, sampled at a high
frequency where there was no missing sentiment data to explore the theoretical benefits

of applying conventional econometric analysis techniques to high frequency data where
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there is sufficient media data. The longest consecutive period, still at a high freq, that
was available in this data was found when the data was aggregated at 16 minute intervals.
There are 86 points for which there is no missing data. This period was from 27/01/2021
12:29 to 01/02/2021 15:39 EST. The GRETL vector autoregression model investigating
the endogenous variable log returns and the exogenous variable negative sentiment score

for 5 lags is included as Figure [2/in the appendix, a summary of the results is shown below.

Table 4.3: Summary of results from GRETL vector autoregression

H p-value H

constant 0.1423
Log Returns 1 0.5370
Log Returns 2 0.3462
Log Returns 3 0.1632
Log Returns 4  0.2437
Log Returns 5 -0.0012
negativ 0.0603

In this model each log return is a 16 min aggregation of points. There is no statistical
significance in the first four lagged log of returns. The 5th lag of log returns is statistically
significant to within 1%. Negative sentiment is also shown to be statistically significant
but to a lesser extent of 10%. The Durbin-Watson score is extremely close to two. This
indicates there is no autocorrelation. In this context that is ideal as we are able to model

the relationship between lagged sentiment and log of returns without bias of correlation.

Figure shows a scatter plot of residuals for log of returns over negative sentiment.
though there are few points we can see a similar pattern to that present in [TETLOCK
(2007) but inverted here showing the residuals increase as negative score increases as
opposed to the decrease observed in Tetlock’s data as the negative score increases. This

is an indication that the further from 0 the negative score is, the harder the model is to fit.

I am conscious to not make to many statements regarding this analysis as 86 points
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of data is not a significant enough amount of points to make any significant claims re-
garding the effectiveness of vector autoregression for high frequency data. This section
of the analysis is less about drawing concrete results from time series analysis techniques
applied to the data and more about showing the possibility of the use of this type of

analysis should there be an acceptable amount of sentiment and returns data available.
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Figure 4.8: Plot of log return residual and negative sentiment score for vector
autoregression model
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Chapter 5

Conclusion

This section is a reflection on the work carried out in this paper and a discussion of the
results presented in chapter [d] Limitations of the approach taken and other factors that
limited the project are discussed as well as possible future works and areas of this project

that may benefit future research in Trinity College Dublin.

5.1 Conclusions

In conclusion, a pipeline of tools and steps has been presented forming a method for the
analysis of applications of conventional sentiment analysis techniques to high frequency
data. Some of the inherent limitations within high frequency data have been explored
in section as well as methods for coping with these inherent limitations. It has been
shown that while traditional methods of econometric analysis are limited in their applica-
tion to high frequency information for stock level financial information and conventional
sentiment information, exploratory analysis can be performed. Through this exploratory
analysis a complex relationship between high frequency data and sentiment has presented

itself.
Section showed the distribution of the data and complex nature of high frequency
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data. Patterns and relationships within the data between returns and sentiment have
been discussed in Section .3l Section [4.3.1] shows how the mean and standard deviation
of returns and negative sentiment scores change throughout the day. The largest change
in mean return is in the morning time. This could be a to reaction news sentiment unob-
served in this study, outside of the trading day. The mean and standard deviation seems
to be stable around the middle of the day and both increase toward the end of the day.
Similar patterns where observed in negative sentiment though the standard deviation did
not increase in the evening. It may be interesting to explore the average time of news ar-

rival during the day and compare the results to this graph to try to explain the movements.

Section explored visually the interactions between negative sentiment and re-
turns. The pattern of returns variation increasing as negative sentiment score increased
was discussed. The pattern was shown to exist at low frequency and disappear as the
data is aggregated to higher levels. Variation in returns appears to be affected by intrady
negative news sentiment as variation increases with increasing score but returns were then
observed to remain tightly around 0 for extreme highs in sentiment value. One possible
explanation for this phenomenon could potentially be a reaction of investors to uncer-
tainty around a very high scoring negative event in the news. This could be investors
re-examining their position in the market due to uncertainty or it could be the result of

outliers in the data, this could be an interesting point for future analysis.

Section [4.3.3] explored the movement of returns around the arrival of negative news.
Line graphs generated for different levels of data aggregation explore 30 points before
and after the arrival of news. Returns seem to stabilize closer to 0 around the arrival of
news. Patterns of an initial positive movement direction in returns after news arrival was
observed followed by increasing negative movement. The pattern was most observable
at 2 minute aggregation. This stabilization followed by increased volatility could be, as

mentioned before, a reaction to uncertainty and would be an interesting point of further
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analysis.

Section [4.4] showed that, in theory, vector autoregression could potentially be applied
to high frequency financial data and conventional sentiment data should the amount of
news data be significant enough. The results from this paper are not conclusive proof
that it would be beneficial and thus are not discussed in great detail. The results serve
only to demonstrate the ability of applying this type of analysis in the presence of enough
data. Applying this type of analysis at a market level where more information regarding

more companies in the market may be available could produce more conclusive results.

5.2 Limitations

As discussed in [4.1] the level of sparsity at a high frequency for both financial data and
conventional sentiment data causes complications for traditional econometric analysis.
During this project, a request was made to gain access to the Thomson Reuters Mar-
ketPsych Index as was used by |Sun et al| (2016). Unfortunately at the time of submis-
sion no response has been obtained. The Thomson Reuters MarketPsych Index contains
minute by minute sentiment data from online news sources, news wires and social media.
This would have enabled comprehensive exploration of sentiment and returns at a very
high frequency and enabled a comparison to the analysis performed with the Lexis Nexis

News obtained at a lower frequency.

One of the problems previously stated regarding high frequency data is its size and how
computationally intensive it can be to work with. Given global circumstances this year,
access to higher power, on campus college machines, was not possible for me and student
credits for web services such as aws do not provide access to high powered machines. As
such my computational ability was limited to that of my laptop for this project. Com-

plications with access to college facilities such as the library also made literature review
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more complicated than it would have normally been.

The oldest available intraday data for GameStop started at 02/01/2020. While the
data in this study provides a number of points equivalent to almost 476 years worth of
daily observations it still only shows intraday patterns from the past year and early 2021.
Should older data be available it may be interseting to explore patterns beyond the past

year.

Lexis Nexis provides a huge amount of news data. As the data had to be downloaded
manually, the sample size was limited. A more comprehensive download of the data,
across multiple stocks or markets for a wide variety of news media, including local news
papers, news wires and a larger amount of global news similar to that of the Thomson
Reuters MarketPsych Index, may yield even better results. News Wires can also be much
larger than news paper articles and can be very computationally heavy to analyse on a

simple laptop.

5.3 Future Work

As previously mentioned in the conclusion, further investigation into the times that news

is published and the connection to intraday means and standard deviations may yield

interesting results. The patterns shown in Figures 4.3.2] and [4.3.3| are of great interest.

There appears to be a relationship at a high level between increasing negative sentiment
scores and returns and return volatility. There also appears to be a relationship between
returns and return volatility around the arrival of news. Most clearly at a 2 min aggre-
gation level. Further research into the possible appearance of this pattern in other stocks
may yield interesting results enabling further understanding of the effect of conventional

sentiment at a low level. My supervisor Professor Khurshid Ahmad has expressed great
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interest in continuing this research as part of a current work of his.

In relation to (Ghysels et al.| (2004). Versions of MIDAS have been proposed for per-
forming the reverse forecasting that MIDAS was developed for such as|Foroni et al.| (2018)).
Though implementations of this type of regression are not available, to the best of my
knowledge, in tools such as GRETL or E-Views 12, it may be interesting to explore the
potential of its use in predicting intraday trends with daily aggregated news data as a
project in itself. E-Views 12 is a commercial strength econometric analysis tool that I
was supplied with a demo licence for, after contacting the company who created it, to
investigate if it could perform analysis of variable frequency data in relation to my project.

I was unable to perform the analysis using traditional MIDAS available in E-Views 12.
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VAR system, lag order 5
OLS estimates, observations 6-86 (1" = 81)

Log-likelihood = 31.5549
Determinant of covariance matrix = 0.0268628

AIC = —0.6063
BIC = —0.3994
HQC = —0.5233

Portmanteau test: LB(20) = 16.4697, df = 15 [0.3515]

Equation 1: Log Returns

Coefficient  Std. Error  t-ratio  p-value

const —0.0360136 0.0242853 —1.483  0.1423
Log_Returns_1 0.0649741 0.104750 0.6203 0.5370
Log Returns 2 —0.0994421 0.104901 —0.9480 0.3462
Log Returns.3 —0.148173  0.105206  —1.408  0.1632
Log Returns 4 —0.123584  0.105158  —1.175  0.2437
Log_Returns.5 —0.355698  0.105645  —3.367  0.0012

negativ 0.0563946  0.0295600 1.908  0.0603
Mean dependent var —0.005161 S.D. dependent var 0.188729
Sum squared resid 2.175890 S.E. of regression 0.171476
R? 0.236390 Adjusted R? 0.174476
F(6,74) 3.818024 P-value(F) 0.002274
P —0.089058 Durbin-Watson 2177937

F-tests of zero restrictions
All lags of Log Returns  F'(5,74) = 3.68907  [0.0049]
All vars, lag 5 F(1,74) = 11.336 [0.0012]

For the system as a whole —

Null hypothesis: the longest lag is 4
Alternative hypothesis: the longest lag is 5
Likelihood ratio test: x? = 11.545 [0.0007]

Figure 2: GRETL export of Multivariate Vector Autoregression Model
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Figure 3: Distribution of log of returns for minute-by-minute data. Outliers are not
visable as there is an extremely low frequency of them
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Figure 4: Distribution of negative sentiment scores for minute-by-minute data

Table 3: mean and standard deviations of returns and sentiment scores aggregated

of every day etc.

across all days in the dataset, i.e 1 min represents the average value for the first minute

Mean Return Return std Mean Neg score Negative score std
1 min 2.8x10~% NaN 0.47 NaN
2 mins -6.33x10™*  1.25x1073 0.35 0.16
8 mins -4.97x107*  8.04x107* 0.34 0.12
16 mins -2.23x107*  6.24x1074 -0.07 0.48
32 mins -1.68x1074 4.9x10* -0.17 0.49
64 mins -6.58x107°  5.01x10~* -0.16 0.55
128 mins | -5.86x107°  5.06x10~* -0.13 0.57
256 mins -6.1x10°  6.13x10~* 0.08 0.62
1 day 4.37x107%  1.48x1073 0.1 0.74
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Table 4: Table Showing part of all Newstex blog relating to GameStop obtained from
Lexis Nexis showing identified original blog source and number of total blogs from that
source between 02/01,/2020 and 01/04,/2020

Title Articles
Source: The Business Insider 801
Source: Benzinga 326
Source: MarketBeat 297
Source: Watchlist News 234
Source: Phil’s Stock World 193
Source: 9to5Toys 192
Source: Zacks Investment Research 185
Source: Proactive Investors 150
Source: Financial Press 144
Source: International Business Times News 121
Source: ValueWalk 117
Source: Ticker Report 94
Source: JD Supra 85
Source: Zolmax.com 84
Source: DailyPolitical 79
Source: Market News Video 78
Source: The Wrap 78
Source: Axios 78
Source: 24/7 Wall St. 70
Source: Boy Genius Report 57
Source: Banyan Hill 56
Source: Transcript Daily 56
Source: GuruFocus.com 55
Source: VentureBeat 48
Source: International Business Times Australia 47
Source: DC Forecasts 45
Source: Mediaite 44
Source: Week Herald 37
Source: The Duran 33
Source: TheOlympiaReport 31
Source: TechSpot 31
Source: Naked Capitalism 28
Source: Hot Hardware 27
Source: Android Headlines 24
Source: Talking Biz News 23
Source: Newsbusters.org 23
Source: Bankruptcy News & Analysis from Chapterl1Cases.com 22
Source: Money Morning 21
Source: The Huffington Post 21
Source: Newsfile Corp. 20
Source: ValueWalk Premium 20
Source: My Nintendo News 18
Source: The Mary Sue 56 17
Source: Conservative Daily News 16
Source: Investing News Network 15
Source: Validea’s Guru Investor 15

Source: The American Prospect Blogs 15



Table 5: Table Showing part 2 of all Newstex blog relating to GameStop obtained from
Lexis Nexis showing identified original blog source and number of total blogs from that
source between 02/01,/2020 and 01/04,/2020

Source: Florida Politics 15
Source: Activist Post 14
Source: 9tobMac 13
Source: Gates of Vienna 13
Source: OnMSFET 12
Source: TheNextWeb.com 12
Source: National Law Review 12
Source: Financial Buzz 11
Source: iOTWreport 11
Source: Bitcoin Magazine 10
Source: Small Dead Animals 10
Source: U.S. Securities and Exchange Commission 10
Source: ReleaseWire 10

©

Source: 411mania.com

Source: Law and More

Source: Den of Geek

Source: Cantech Letter

Source: The Economist: Graphic detail
Source: Forex Crunch

Source: Law and Crime

Source: Trefis

Source: CLS Blue Sky Blog

Source: Zacks Investment Research - Video
Source: WallStreetPR

Source: Pocketables

Source: The Hindu Business Line
Source: EconMatters

Source: Player.One

Source: Deutsche Welle Business
Source: BK Asset Management

Source: Daily Pundit

Source: UKTN

Source: Pragmatic Capitalism

Source: Inferse

Source: Techdirt

Source: Wonkette

Source: EgbertoWillies.com

Source: Digital Journal

Source: MarketersMedia News Hub
Source: BBN Times

Source: NJ Spotlight

Source: Investopedia Stock Analysis
Source: 14U News

Source: WayneDupree.com 7
Source: Center for Economic and Policy Rr)esearch
Source: The Simple Dollar

Source: Investor Strategy News

Source: Adventures in Capitalism
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Table 6: Table Showing part 3 of all Newstex blog relating to GameStop obtained from
Lexis Nexis showing identified original blog source and number of total blogs from that
source between 02/01,/2020 and 01/04,/2020

Source: Lawyers, Guns, and Money
Source: Foreign Policy

Source: Proactive Investors - Video
Source: Foundation for Economic Education
Source: Boomer and Echo

Source: Frugal Rules

Source: DownWithTyranny

Source: The Money Illusion

Source: Green Market Report

Source: Capital Mind

Source: Better Georgia

Source: GaryK.com

Source: Pressat

Source: Prairie Pundit

Source: The Finanser by Chris Skinner
Source: Social Lending Network

Source: International Business Times India
Source: TouchArcade

Source: The Aleph Blog

Source: Business 2 Community.com
Source: The Nation Blogs

Source: Talking Points Memo

Source: ConWebBlog

Source: Voice of America

Source: HEXUS

Source: Vator News

Source: Len Penzo dot Com

Source: Investorldeas.com

Source: AllAboutAlpha.com

Source: AccountingWEB.com

Source: Streetwise Professor

Source: Jim Hamilton’s World of Securities Regulation
Source: Beat the Press

Source: TechBullion

Source: Tubefilter

Source: Of Two Minds

Source: InvestorBrandNetwork

Source: Pocket-lint.com

Source: Arkansas Daily Weblog

Source: Jewish Business News

Source: The Geller Report

Source: Deutsche Welle World

Source: Mott Capital Market Commentary
Source: Fallond Stock Picks 53
Source: Gothamist

Source: Econbrowser

Source: Good Financial Cents

Source: Arkansas Times
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Table 7: Table Showing part 4 of all Newstex blog relating to GameStop obtained from
Lexis Nexis showing identified original blog source and number of total blogs from that
source between 02/01,/2020 and 01/04,/2020

Source: Fastcase

Source: John Quiggin

Source: Adam Smith Institute Blog
Source: BGR: Your Mobile Life
Source: Consumer Reports

Source: LRIOnline.com

Source: Investment Research Dynamics
Source: Moonbattery

Source: The Conservative Treehouse
Source: The Cheat Sheet

Source: 9to5Google

Source: Mark My Words

Source: Through the Shattered Lens
Source: Wisconsin Examiner

Source: The Real News Network
Source: Socratic Gadfly

Source: Small Business Trends

Source: Financial Awakenings

Source: Baseball Musings

Source: Luxurylaunches

Source: Investing Caffeine

Source: EUR/Electronic Urban Report
Source: Westwicke Partners Blog
Source: indieWIRE

Source: DollarCollapse.com

Source: APO (African Press Organization)
Source: Shelly Palmer Digital Living
Source: Knappster

Source: A Dash of Insight

Source: CloudTweaks

Source: History Unfolding

Source: Seth Levine’s VC Adventure
Source: Over-50

Source: NPR Planet Money(Blogs)
Source: The Race to the Bottom
Source: The Antiplanner

Source: Memeburn

Source: American Banking and Market News
Source: Libertarian Leanings
Source: stupidDOPE

Source: The Mental Recession
Source: TalkLeft: the Politics of Crime
Source: Healthcare I'T Today
Source: Cato@Liberty

Source: Stockerblog

Source: Bankelele

Source: PR.com

Source: U.S. Embassy United Kingdom News
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Table 8: Table Showing part 5 of all Newstex blog relating to GameStop obtained from
Lexis Nexis showing identified original blog source and number of total blogs from that
source between 02/01,/2020 and 01/04,/2020

Source: Fastcase

Source: John Quiggin

Source: Adam Smith Institute Blog
Source: BGR: Your Mobile Life
Source: Consumer Reports

Source: LRIOnline.com

Source: Investment Research Dynamics
Source: Moonbattery

Source: The Conservative Treehouse
Source: The Cheat Sheet

Source: 9to5Google

Source: Mark My Words

Source: Through the Shattered Lens
Source: Wisconsin Examiner

Source: The Real News Network
Source: Socratic Gadfly

Source: Small Business Trends

Source: Financial Awakenings

Source: Baseball Musings

Source: Luxurylaunches

Source: Investing Caffeine

Source: EUR/Electronic Urban Report
Source: Westwicke Partners Blog
Source: indieWIRE

Source: DollarCollapse.com

Source: APO (African Press Organization)
Source: Shelly Palmer Digital Living
Source: Knappster

Source: A Dash of Insight

Source: CloudTweaks

Source: History Unfolding

Source: Seth Levine’s VC Adventure
Source: Over-50

Source: NPR Planet Money(Blogs)
Source: The Race to the Bottom
Source: The Antiplanner

Source: Memeburn

Source: American Banking and Market News
Source: Libertarian Leanings
Source: stupidDOPE

Source: The Mental Recession
Source: TalkLeft: the Politics of Crime
Source: Healthcare I'T Today
Source: Cato@Liberty

Source: Stockerblog

Source: Bankelele

Source: PR.com

Source: U.S. Embassy United Kingdom News
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Table 9: Table Showing part 6 of all Newstex blog relating to GameStop obtained from
Lexis Nexis showing identified original blog source and number of total blogs from that
source between 02/01,/2020 and 01/04,/2020

Source: The Bitcoin News
Source: Futurity.org

Source: Porchlight

Source: CalMatters

Source: The Volokh Conspiracy
Source: Monoblogue

Source: The Social Media Hat
Source: TechnolLlama

Source: U.S. Army News
Source: Blockonomi

Source: This Week In

Source: The Daily Orange
Source: Cheapism Blog
Source: Dissident Voice
Source: SNN Wire - Video
Source: Say Anything
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