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ABSTRACT

This paper investigates the potential of insider trading as a price indicator for US equities
along with a nosstochasticrelationship betweemsider tranactions and price Further tests are
done to see if there is a difference in the quality of information coming from insiders buying
compared to selling, as the majority of the current literature tends to discredit tbeinseer
selling as an input in any investment strategy.

Anal yzing the r et ur nasered of reoldirgeriogs seangingfeoms t o ¢ k
five days to four years after each insider buy and sell shows insiders have a significant advantage
on timing regarding when to buy and s#tieir own stocksAfter confirming a difference ithe
behavior of buys and selisprice forecasting model was builncluding eithebuying or selling
informationduring modeltraining increase prediction accuracy compared to a model without any
insider trading information. Furthethe most accurate models includ®th buy and sell
information However, there was no significant difference between the quality of buying and
selling info.

There is also significant evidence that price formation is-stonhastic based on the
financial state and insider trading patterns for a company over tiasly, both a linear
regression and neural network were used to make pricing predictions, ehiledar regression
was more accurate for pricing predictions #utivation functionn the networkmodelsallowed
for significantly more accurate timing predictions, that is when the high and low prices will
occur in a quarter. The insights from thisidg are found using the price, insider trading, and
guarterly financial histories from 3,505 companiegh 3,021,444 insider transactions and

139,986 financial quarters shared between these companies.
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Chapter 1: Introduction to Insider Trading

Insider trading is defined as an individual who has access to nonpublic information
making a transaction on a publicly traded stock or security. Rules and regulation regarding
insider trading are heavilgependent on the country of an exchange. This means that any
analysis being done regarding equities should only include those from the same country unless
stringent checks have been done to make sure that the countries have very similar laws. In the
United States insider trading is allowed upon the condition that transactions do not rely on

information not in the public domain.

Chapter 1.1: Tracking Insider Trades

The United States has a regulating body in charge of stock exchanges where these
commoditiesare traded publicly. This is called the Security Exchange Commission RHSG.
One of their main responsibilities is tracking insider tragifg SEC does this using various
forms. The main one being a form 4. The two others are the form 3 & forleG 918. A
form 3 is required to declare an initial statement of beneficial ownership of securities; these are
most commonly filed when directors or officers receive stocks as a form of signing bonus when
joining a company. A form 5 is required to repamy transactions that should have been
reported on a form 4 and were not reported within the required time period. The other reason to
file a form 5 instead of a form 4 is the rare case when a transaction is eligible to remain private
until a deferred dat Either of the situations requiring a form 5 are rare as most companies have

strict rules for their own insiders such that the company musapeove trades. Companies
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often go one step further and report transactions to the SEC for the individuatirxdbe
transaction such that the company can be sure the form is submitted properly and in a timely
manner. Note, the second case where the SEC approves a deferred release of information is
extremely rare. As form 3s and form 5s are more rare, the smirce for insider trading
information is the form 4s on record with the SEC.

There is some confusion over how insider trading is tracked and why it is allowed; this
may be because the term implies an illegal action. However, the government is egsentiall
required to allow some forms of insider trading due to the way companies compensate their
employees. An example of legal insider trading would be a CEO selling their stock options off at
a predetermined rate so they can diversify their portfthis isa common scenaridurther as
the sale of stock is structured it is clear the insider is not trading based on private info. An illegal
trade would be a companyoés <chief financi al
statement release which led & drop in the stock price. This is illegal as the compasy
financials were privilegednformation to that individual. These are clear cut examples but
applying the rules can be more complicated.

Due to the nature of inside information, regulations atergled to interactions between
two companies. For example, if an Apple employee knew well in advance of the public that
Apple was planning on using Samsung screens for the iPhone X this person would not be legally
all owed to buy Sa emusatgedrdormatiornig kivileged ldue g0 the satute

of a private deal between the two companies. This becomes harder to track as the Apple

empl oyee isnoét buyi ng t heiwouldpmwiablyboeagydong 6 s st

prosecutor t@rguethis individual traded on that information.
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To finish, a final example that many do not realize is technically illegal. Take the same
insider at Apple, but this time they tell a friend about the deal with Samsung. Here the friend
could buy Samsung stock and the two could share the profits. While this ativiggal, it
would likely go unnoticed. Cases such as this are almost never prosecuted apahy Buyer
of Samsung stock has no formal access to the information making the burden of proof
significantly more difficult as the Apple insider likely knew to tell their friend by word of mouth.

Overall when an individual makes a legal transactiorstmtk of a company they have
privileged information regarding they are required to file a form 4. The time period required for
this filing with the SEC has changed over time as filings have become easier thanks to the

internet. Currently this period is waih two days of a transaction (SEZ018.

Chapter 1.2: Spectrum of Regulation Regarding Insider Trading

As with most legal topics there is a wide range of opinions on how insider trading should
be regulated. Some economists argue that insider tradmig c@nefit markets stating that
banning the practice is attempting to get rid of an even playing field. These experts believe
giving equities markets a fair playing field is an impossible goal as large institutions are viewed
to have huge advantages ovmtividual investors. These institutions have people whose job is to
notice abnormal insider transactions. Admittedly, removing the regulation on insider trading
does have a somewhat paradoxical posifitme goal is to make markets fakn integral parof
the argument for deregulatisacognizeshatinsiders would gain an advantaglee hypothesis is
their transactionswould then convey more valuable information to markets. This would

undoubtedly help insiders and the aforementioned institutionshéudibertarian argument states
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the public also benefits making it a win for all parties involved. To see this look at Henry
Manneds argument .

Manne is one of the most wédhown advocates for deregulating insider trading. He
postulates that insider tradg woul d prevent scandals because
would be plenty of people in those companies who would know exactly what was going on and
would selll shar es , 2013 Amr athdcdoig wherce this Bltadtidn t@mess to
mind is the recent accounting scandal at Caterpillar Inc., the construction equipment enterprise.
Their accounting department was fudging numbers to make the company look more appealing to
investors. Under Manneds assumptct allowed insiddrs t r a d |
from the accounting department would have started selling shares much sooner. When Wall
Street caught on to this trend investment bankers would have sold too, potentially years earlier. It
is clear that the large institutions are bemiefif by getting out first. However much of the money
these institutions manage comes from large pension and mutual funds which private citizens rely
on for retirement.

Caterpillarés story was going to end in t
sold their sharedue to knowledge of the accounting scandtdwever,in the aforementioned
hypotheticalwhere insider trading is legal, tievestors who made it o@arly would have had
the additional timevalue with their investment capital to allocdtevards better opportunities
hence promoting market efficiency. Further, if insider trading allowed markets to catch on
sooner then the stockds price would have had
economic loss when the drop did occur (V017). ThisreawWor | d anecdote gi Ve
position good grounding as there is no way that insider trading would have hurt individual

investors or the economy more than what actua
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on the libertarian end ahe spectrum of insider trading regulation. While Manne makes an
argument rooted in overall economic benefit for society some-dwel libertarians share
Manneds @ anere elenemary freasons. Some libertarians more sibgllgve the
government h&no right to dictate what its citizens can do with their own private assets.

The hardcore libertarians runnto trouble with theirargument whenconsidering
potentialmalicious intent of insiders. This leads to the middle of the regulatory spectruim whic
argues that some deregulation would be good. This stance believes that current regulations are
too restrictive and therefore hinder growth. Most in this area agree that insider trading is
somewhat unfair to the public however there are also benefillewire the practice.

This centrist position mostly pushes for companies to form their own policies for
employees. With this practice the generally acceptdity is that the government should only
get involved in the case of severe ethical violationsir{Bridge 1998). Similar to libertarians,
supporters of this policy believe it is selfident that allowing insiders to inform the market will
promote market efficiency. This position also states that privileged access to information offers
managers a fon of compensation. This information then becomes a performance incentive to all
employees by making promotions more valuable. From the perspective of the corporation,
allowing companies to regulate themselves in a matiegr see fit also benefits the cpamyas
stock options become a much more valuaftentivefor employeest no cost tdhe company
Current regulations also drive gperatingcosts as large companies have to hire legal teams and
SEC filing services to be sure they are complying prgpériseems reasonable that a company
should know how to prevent egregious violations better than the government as the nature of
privileged information varies greatly depending onorporation. An example where the

government would get involved under thentrist policies would be insiders acting against the
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best interest of their company, its employees, and investors simply to make a quick buck by
shorting the stocland thercausing it to crasiCentrists believatrict enough punishmenthld
effectivelyincentivize corporations to prevent this behavior.

Finally, there is the current and strict regulation of insider trading in the United States.
This policy is argued from a stance focused o
afuzzyppic based heavily on an individual 6s pers
owns Caterpillar stock in the aforementioned case may not seem fair to a Caterpillar accountant
who has their 401k heavily reliant on their own company. In this, ¢aseaccountant may be
forced to hold onto the stock as they would rather lose money than go to prison for insider
trading, but their retirement funds could sti
solution for this employee. While tleairrent policy is focused on fairness to the public the other
stances argue that the modern approach hampers economic growth which hurts the public. Some
take this a step further to argue that fairness will never exist in capital markets stating it is
prepmsterous to think that the Aaverage Joeo h
against CEOs and CFOsaFortune 500 (Matthew2013)

Current market regulations on insiders are so strict that they rarely have a chance to
transact on their compgnd s st oc k. Often companies only giywv
4 opportunities once or twice a quarter to sell stock. These days are set in advance as far from the
release of a companyds quarter!|l y fhmemedoesnotal st
specifically requirehat companieadopt such policies, many choose to do so in order to avoid
the potential of massive legal costs along with the bad public relations that come from insider

trading scandals.
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Whatever someone believes,istclear the insider trading is a controversial topic. The
guantity of legal debate & research done makes it evident that the government, markets, and
public opinion believe insiders hold some advantage. Trading on specific information may still
be illegal but it does seem plausible that insiders know when geadanceand exit
opportunities are around tleerner. This begs the questiages the information tracking insider
transactions offer valuable insights regarding the price movements of publie®dar the
future? The next chapter wi | | go deeper [

relationship with equity pricing.

nt



Chapter 2: Relevant Literature

There is a lot of literature analyzing potential effects of insider trading regul&tiost
use philosophical arguments or are based in economic theory. These are usually published out of
law schools or economics programs instead of STEM based departments. This may be partially
caused by the fact that records have only been availables antéinnet since 2005, however they
were much more difficult to access until the SEC revamped their database iNVa&tELpublic
record lacks any empirical analysis on insider trading clear that financial institutions have
done their own analysisady on and kept it out of public circulation in order to keep an

advantage in marketBrom here on onlgatabasedanalysisof insider tradings featured

Chapter 2.1: Proof Insiders Posses an Advantage Over the Public

Ryle et al.(2017) showsnsidershave historically had an edge in markets. The analysis
focuses on open mar ket orders from insiders
Derivatives were ignored as they can be reported in various ways on the form making collecting
this information moremanual. This is justified consideringlerivative trades represent a small
proportion of insider transactionMoreover,any shorting within a company looks unfavorable
from the eyes of the SEC. In response many companies have a flat ban on employe¢g execu
options.

Ryl ebs analysis shows that insiders have

own stock compared to average market returns. Furthermore, the difference in returns increased
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when only considering trades of company officeddficers are positions such as the chief
executive, financial, & operations officers, along with treasurer, president, VP, or someone on
the companyo & Guap 2004 Fin@ll@,otheetype of trade made a significant
difference. General purchases of commtock saw the greatest returns compared to employees
executing stock options. The hypothesized explanation is that options allow employees to buy
the stock at a sulmarket priceand are often very structured regarding the timing of executions

Next is a tudy that shows insiders have previously traded on knowledge of events such
as bad accounting releases (Garfini®97). This was shown by the fact that a significant drop
in trades was seen in the 30 days before a bad accounting release. A lateutstidigeoPenn
State Accounting department continued this work éKeal.,2002).This analysis is more telling
asit bolstersthe hypothesighat insiders trade based on bad accounting releases. This ibydone
comparing two time period3.he earliemperiod alsoanalyzed by Garfinkehad less regulations
and tracking of insider trading. The second is when federal regulations were tightened to prevent
insider trading with a new program which offered a reward to thweaeported such activities.

During the second time period withe new progranthe insider behavioof trading soon
before bad releases whichwa® und i n Gar finkel 6s papethe essent
new analysigdiscovers the phenomenon simply happens at a much earliefTdatehange in
regulation led to insiders trading on the knowledge of underperforming accounting disclosures
up to two years beforeharas$ insider sales instead incredséiree to nine quarters aheadaof
poor disclosure during the more regulated periodhi type of behavior occurred more
commonly for growth companies. An interesting corollaihgre is almost always an abnormally

low quantity of selling two quarters or fewer before a bad financial statement réleasg the
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latter period This adds futter justification to question the difference between buying and selling

information

Chapter 2.2: Evidence of Markets Reacting to Insider Information

So far, the literature covered has shown insiders possess an edge regarding market timing
for their own companies. Itis also clearthat insiders have historically traded on privileged
information such as future accounting releassvever, an insider beating the market is not the
same as the market noticing and outside investors adjusting their stakdirgggom his section
provides evidence that traders react to the information of insiders transacting by citing price
movement behavior that nsistentvith the timing of form 4 filings.

First is a paper which covers how insider trading evolved in 20@2 the Sarbanes
Oxley Act (Brochet 2010). Brochet has a similar methodologythe two financial disclosure
studies mentioned previously in that dralyzes the effect of new regulations on insider trading
by comparing t he madakesnew kgislt@ariiBachét providds evidencee a n
that markets began to react in much greater force when the SEC provided a timelier filing
standard for form 4s. This was section 403 of the Sarb@amksy Act (or SOX Act). Before the
introduction of the ©X Act insiders could report transactions up to a month after the fact. After
the new law reports must be within two days. It is further claimed that other sections of the
legislation drew attention teewly availablenformationwhich made markets focus on insider
trading to gain an extra edge

The SOX Actalso led to a significant decreasetl® volume ofnsider trading, Brochet

attributes this to insiders now fearing scrutiny from the SEC. On the other hand it is clé¢lae that
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SOXactledtoanier ease in trading on filing of Form 4
fact that after the SOX Act average daily trading was higher upon insider trading signals than it
was beforehand. Pf80OX daily volume was 1.03% higher than expected upon a form 4
submission for an equitfPost SOX market volumes were 12.03% above average daily volume.

Rodgers etal. (20 isthesecond paper that addresses t he
transactionsThis focusessolelyon the effects of a time deldgr insider information arriving to
large institutionsss. being published onlin€This analysis compares two periods, the earlier time
involves certain institutions having access to information before the majority of others in US
markets. During this tim the SEC had a paid subscription service called the PDS (Public
Dissemination System)rhis sent out information including form 4 filings to subscribers. On
average these customers received information about 40 seconds before it was publicly available
ont he SECOGs website. With only 20 subscribers
and spreads responded to these filings 30 seconds before the information was available to the
public. This proved that the PDS service provided a clear advaatabe same nature insider
regulation attempt to eradicate.

This advantage is important for two reasoffisst, it proves that insider trading
information is clearly traded on in markets and large trading firms recognize the value of this
information. Seond, it shows the SEC adds to the unfairness associated with insider trading
which clearly makes parts of the current policy inefficient. However, credit should be given
where it is due; after the results for this study were published the Chair of that$BE£time,

Mary Whit e, found the results so conclusive t

Aensures that EDGAR filings are available to
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are made available to P i$eroppbrtsaniy fordneestgaiion Thi s
thanks to the change in how markets receive their information.

After the adjusted policy was in place the same study published in 2014 was redone. This
time with data from after the PDS Service change in 2015. TWwelata makes it clear that large
institutions were still trading on the information. The same reactions to prices, volumes, and
spreads were seen compared to when the PDS service was available (Rbdger2017).

However, this reaction moved to the @érthat the data was publicly available. The fact that the
reaction moved later to the same degreettie@timing ofinformationdissemination was pushed

back further confirms that large institutions trade on insider transactions.

Chapter 2.3: Buyingvs. Selling Information

It should be noted that a common feature most papers that analyze insider trading share is
a disregard for insiders selling. The only papers with a specific focus on selling were Garfinkle
(1997)and Keet al. (2002) Others brushed off, for example Rylg2017)addresses this issue
by citing evidence from a short artiqqRoberts 2013. A quick review shows that this article
cites no analysiandinstead claimed common knowledge from Wall Street. That is, selling is not
as effectiveof a signal because top executives will often liquidate their accumulated stock
options when they need to make big purchases. Other times they simply feel their wealth is too
tied up in their own company and would like to diversify to mitigate some Aigjuick internet
search confirms this point of view. This common knowledge from wall street is given a bit more
credibility as this is the same explanation Rodgteal. (2017usewhen explaining why insider

sells were not included in analysis. It is aloie that this paper did directly affect SEC policy on
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the issue. However, this idea should still be taken lightye is stillno numerical analysisited

as justification. In all, the fact thakhere iscontradictory evidence regarding selling meares th
relationship of insider selling and price movement will be an area of high interest in this paper.
More specifically, whether insider buyingformation provides different value compared to
insider sells in a price prediction model.

Before going further] would like to present some anecdotal examples of why selling
informationwill be so heavily investigated. First, in one section of Byde ( an@ldsig i} is
shown thatinsiders do sell at advantageous times to beat market returns. However, selling
information is nevemcorporatednto a model. This was justified by stating one would not want
to purchase a stock when an insider sold. The second reason it will be investigdistbrical
examples of insiders dumping shares and the stock price undergag@oon after. Two recent
examples are Twitter back in August of 2015 when insiders dumped $103 million before a
significant price decline (Sur2015). More recently, Mark Zkerberg has been observed
unloading over $0 billion of his ownership in Facebook just in time to avoid a 33% dip since
June of 2018 to date (Gajan2017).

It should be noted that Broch€010) claims some concrete findings regarding selling
information and pricepredictions.This is that ®ock returnsarenot more negative after insiders
selling, it took controlling for multiple variables such as-ptanned transactions, reporting lag,
litigation risk, and news to find a statistically significant etation between selling and returns.
However, this was just a side notetle study However, the recent examples of share dumping
provided offer anecdot al mo t i v aAtguablynthetmast t e st

significantreason for this focus that no study found quest®the value of insider purchasing
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information, however the value of sellingformation is consistently ignored with almost no
empirical justification

In summaryGarfinkel (1997)clearly showg insiderspreviouslytradel in close proximity
to bad accounting statementsn t h e . ThentineKee? 8l §2602) showa change in this
behavior due to a new policy which gave monetary rewards for reporting insider trading
violations. Later onBrochet (2010) showsthat this behawer did not disappear, instealling
was pushedurther forward before the date of bad nedgeto the Sarbane®xley Act. This
continuoustrend of insiders pushing their trades forward before bad news is reldeses
investors to live in ignorance ragling bad practices ttie companies they are holding for even
longer. Instead current legislature stops markets from reacting as they should because insiders
are specifically prohibited fromseling ahead of bad info. This has compounded over time
leading to longer periods of investors having capital tied to bad stocks. Once bad news surfaces

the public already lost time value of that money

Chapter 2.4: Universal Trends and Path Dependence in Price Formation

The final relevantopic is focused orbuilding a pricing model of nestochastic nature.
Contet al. (2018)setout to predict the next tick in pricef any U.S. equitybe it up or down,
based on the state bfh at ¢ corder Baok Bigaire 1 shoves examplerder booko more

clearly illustrate the concept
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Size Price
200 $80.03

m $80.02

$80.01

$80.00

Bids o5

579.96

Figure 1. Example Order Book

The order book represents a snapshot of the supply and demand for a stock at a current
point in ti me. The o6ask6é rows in red sahow th
specific asking price. The bids in blue show the quantity of orders to sell a stock at a certain
price. As new orders come in they are executed to who is next in line in the order book for a
certain price.

In this example the spread is 1¢, this isdiféeerence between the lowest sell (apkice
and the highest buy (bid)rice If an order for 500 stocks at $80.00 was placesh tthe
corresponding ask quantity for that price would go down toa&0the order would be executed
immediately Knowing the state i ¢ o mpoaler hodkever timecan inform investors of the
direction a stock is goingdrhis study shows there isumiversal price formation mechanigimat
appliesto all stocks based on the structure of an order book.

During this research models were trained to predict the next price movement given the

current and a prior st atuseagconpdny specificatproeating® s or d
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companyo0s predictions were onl yhistorg Shesdnettmah t hat
yielded a prediction accuracy ranging from 65%5% depending on the company. The single
company model had a mean overall accuracy of about 70%. Afterwards a universal model was
trained; meaning it used data from all stocks for tngirwith no consideration for what company
data came fronor what company it was making price predictions for eitfdrs combined
model out preformed others which were trained and tested using individual company or sector
specific data. On averagéhe models traineduniversaly were over 2% more accurate than
company, sector specific, or any other type of dataset ffied was true for testing seff®om
models that were trainedith totally unrelateddata. fer example, testing with companies and
time periods not included in the training set. The size of the testing sets from this paper are so
large that these sorts of differences in performance indicate a universal behavior. This universal
behavior was the main focus for this study; however, in thiemp#pe same concept will be
applied as it allows for much larger sets to train a pricing model. Thiseifsilbecause insider
trading data is less abundantteensactionccur less than order book structure changes which
can varyhundredsf time per seond. The second concept that will be used fthisistudyis the
path dependence property of price formation.

Path dependent price formation means that prices do not move based only on a
companybds current st aMaskavianTinhshtisticsiThs omdey boekrstudyd t o
makes it amply clear that using more order book states going back in time to areke
predictiongoing forward leads t@onsistently more accuraf@edictions This concept will be
used such that the insider trading status for multiple quarters back will be used to make a

prediction looking one quarter forward. The fact that the time frames change so much during the
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insider trading analysis will require a slighdifferent approach; this will be covered during the
analysis sections.

The final area of interesthat will be used as inspiration in this reseaishhat deep
learning model®utperformedregression®y 5% - 10%. Neural networkdgor deep learning dve
been researched andhplemented commonly in many applicatiomsgarding image and
language processing. However, more recently their applications have been further redwhing. T
boosted performance that Cont et al. found in their resedr@ivspotentid benefits of using a

neural network# a finance application where regressions wawbdcally be the go to optian



18

Chapter 3: Data Gathering and Processing

This chaptedescribeghe data collection and wrangling process. This is done in hopes of
providing transparency for how the results were found such that they can be replicated if desired. It will
start off with describing how the list of companies was found for analysis, after it will cover collection for
the price history and company inforriat necessary to get the insider trading history. Next, it will cover
the process used to efficiently gather quarterly financial statements from a Bloomberg terminal. Finally it
describes how all of this is put together into a comprehensive dataset fioodieés that will be built in

chapter 4.

3.1: Creating a List of Companies for Consideration

To start off, a list of companies to be considered was created. This was done by going to
zacks.com and running a screen for all companies they had on recotd havie ever been
publicly traded in the US (Zack2019 . Zackobdbs screen returns the
Company Name, (2) Ticker, & (3) Market Cap. This query contained information for 7,787
companies. This is savéd a comma separated val@&SV) file. Now the list of tickers obtained
will be used to gather more data about each company. This will then help with scraping the
insider trading history for these companibkny steps of data collectiamill be covera; ater
each step companies areawn off the list when data is not availabf®m that part of the
collection process. Wen thishappensijt will be clearly noted along with a summary of the

relevantimpacs on the dataset
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3.2: Getting Additional Company Heuristics & Price History

The rext step is to get more compamyformation and a price history for these
companies. This is done in R using fieeportr & BatchGetSymbolpackages (Sewar@016
& Marcelo, 2018). Firstfinreportr is used togathermore heuristics about each company which
will be used to scrape insider trading information. These are shovabie 1.

Table 1. Information Collected on Each Company

Name Description
CIK a unique identifier from the SEC
SIC the standard industrial classifier
fy_end financial year end
zip of headquarters
stafe of headquarters
state_inc state where company is incorporated for tax purposes

The package usedinreportr, gets this information directly r om t he SECO6s websi
reason,compaties which finreportr returnsno results are removefilom consideration This
bringsthe listof 7,787 companies gathered fraiaocks.com down to 5,42®mpanies
Next, BatchGetSymbols/as used to retrieve the price history for each company. This
price history is saved to a CSV with columns for the daily open, high, low & closing price along
with daily volume. It is important to note that these price histories are adjusted for stitgk spl
The price history CSVs are kept in a folder f

ticker. Note that the code used to colldgs data can be found @ppendixitemA.
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3.3: Scraping Insider Trades

Next the insider trading information for all companies had to be retrieved. This is by far
the longest process taking about 5 to 10 minutes for each company. Because of the time
investment price history CSVs froohapter 3.2vere checked to see if any coamges could be
removed. There was one company that needed to be removed as no price history was available
leading to have 822 companies remaining for analysis. This one was removed because it was
the phantom stock ticker for a company that somehow nvahis far in the collection process.

Before going further, @uick divergence omphantom stockas this will become more
relevant later onPhantom stock isn internal tool large companies have started to use as
compensationHowever it cannot be pubdily traded and insider rules actually do not apply to
these shares. This will be discussed more later on

With a sufficient list of companies compiled a scraper was built to retrieve all the insider
trading histories for the list. This is done through i &« C6s website by pick
structure of their EDGAR Database (Electronic Data Gathering, Analysis, and Retrieval). First it
was found that the search results of a compan
following formula for a sarch result linksearch_str_1 + cik + search_str_2 + str(counter*100)
+ search_str_3 + str((counter+1) *100)This link contains the accession numbers which is the
first step toward getting insider transaction histories. An example of how one of daasl s

result linksaregenerated is provided Fable 2.
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Table 2. Example Link Formation for Scraping Accession Numbers

Name Text

search_str_1 "https://www.sec.gov/cgi-hin/browse-edgar?action=getcompany&CIK="

search_str_2 "&type=&dateb=&owner=only&start="

search_str_3 "&count="

cik = "001606180"

counter "0"
hitps://www.sec.gov/cqgi-bin/browse-edgar?action=getcompany&CIK=00

Example Link: 1606180&type=&dateb=&owner=only&start=0&count=

The example link provided in a copy paste format is:

M https://www.sec.gov/cebin/browse
edgar?action=getcompany&CIK=001606180&type=&dateb=&owner=only&start=0&co
unt=

Investigating tis link will show an arbitrary search result for the company with ticker AAC
which was output during the scraping process; AAC happens to have the CIK ‘001606180 listed
in the table. While describing the scraping process an example link stemming froflAis

result will be provided all the way to one specific form 4 of information. This is to help any
reader that would like to follow the path a computer took to scrape the info.

This search result link is generated using a loop in python for each compaugy their
unique CIK identifier along with a counter. The counter is because the SEC website only allows
the 100 most recent results for a company on one page. Each loop iterates through the next 100
results for a company by incrementing the counter.byhk only piece of information needed
from the links generated in this step is the accession nuafbeach form 4 The accession
number is a unique identification number the SEC has for all documents in their system.

Numbers are assigned to documentsnicreasing integer order according to when the SEC


https://www.sec.gov/cgi-bin/browse-edgar?action=getcompany&CIK=001606180&type=&dateb=&owner=only&start=0&count=
https://www.sec.gov/cgi-bin/browse-edgar?action=getcompany&CIK=001606180&type=&dateb=&owner=only&start=0&count=
https://www.sec.gov/cgi-bin/browse-edgar?action=getcompany&CIK=001606180&type=&dateb=&owner=only&start=0&count=
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received the filing. This was gathered for each of the regtitach pagesing a python package
Beautifulsoup4Richardson2018).

Now, the document name of each form 4 is needed as another pieé& hition to access
information on a form 4 submissiofio access the document name anogneupof pages has to
be accessed, one for each form 4 accession number @uneer 3.8 millionindividual links
The link to access the document names pagethsdsllowing format:submission_link = url_1
+ cik + '/ + acc_no_noDash +'/' + acc_no_wDash + ufl. Table 3 shows an example of what

these parameters look like and how they go together.

Name Text

url_1 "https://www.sec.qgov/Archives/edgar/data/”
cik "001606180"

acc_no_wDash "0001209191-18-060621"

acc_no_noDash |"000120919118060621"

url_2 "-index.htm"

https://www.sec.gov/Archives/edgar/data/1606180/000
Example Link: 120919118060621/0001209191-18-060621-index.htm

The example link fronTable 3 is provided in a clickable format:

1 https://www.sec.gov/Archives/edgar/data/1606180/00019018060621/0001209191

18-06062%index.htm

This is the link for the first form 4 filing from the last results link showing examples for the
company with ticker AAC. The specific documesthe first result on that page amdtches the
given accession nuper. As mentioned, what is desired on this page is the document name; again
Beautifulsoup4vas used to scrape this information. Now the actual form 4 information can be
collected since all accession numbers and corresponding document names have béet collec

for each CIK. The document name is important because the submitter of the form chooses the


https://www.sec.gov/Archives/edgar/data/1606180/000120919118060621/0001209191-18-060621-index.htm
https://www.sec.gov/Archives/edgar/data/1606180/000120919118060621/0001209191-18-060621-index.htm
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name of the file. This name is included in the link that contains the information on the form 4 so
the form cannot be accessed without the name. The formulecéssaa specific form has the
following format: formula form_url = url_1 + cik + '/' + acc_no_noDash + '/ + doc_name

Table 4 shows an example for each parameter.

Name Text
url_1 "https://www.sec.gov/Archives/edgar/data/”
cik "001606180"
acc_no_noDash |"000120919118060621"
doc_name "doc4.xml"

https://www.sec.gov/Archives/edgar/data/001606180/0
Example Link: 00120919118060621/doc4.xml

Link in human https://www.sec.gov/Archives/edgar/data/1606180/000
readable format: |120919118060621/xsIF345X03/doc4.xml

The link inTable4 goes to the following form:

M https://www.sec.gov/Archives/edgar/data/001606180/000120919118060621/doc4.xml

However, this is in eXtensible Biness Reporting Language or XBRL. The SEC also provides
the information in a more human friendly format, this is shown at the following page:

1 https://mww.sec.gov/Archives/edgar/data/1606180/000120919118060621/xsIF345X03/d
oc4.xml

The example links above are for the same document that has been traced Tiadolaghand
Table 2. Informationwas scrapped from 3.8 million other pages just like this example. The 12

fields collected from each submission are showhahle5 along with a description.


https://www.sec.gov/Archives/edgar/data/001606180/000120919118060621/doc4.xml
https://www.sec.gov/Archives/edgar/data/1606180/000120919118060621/xslF345X03/doc4.xml
https://www.sec.gov/Archives/edgar/data/1606180/000120919118060621/xslF345X03/doc4.xml
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Table 5. Information Collected for Each Insider Transaction

Item Description
transact_date when the reported trade executed
accecpt_date when the form was submitted
acc_no forms accession number
security_title open field typically common stock or employee options
aqq_disp “A” if stock is aquired, “D” if disposed
vol the volume of stock for corresponding trade
price the price of the stock at the time of the trade
vol_owned_after |volume employee owns after execution
is_director 0 or 1 if individual is a director
is_officer 0 or 1 if the individual is an officer
percents_10 0 or 1 if the individual holds more than 10% of any stock class
equity_swap 0 or 1 if execution involved an equity swap

Most of the fields on the form are straight forward howeveloser inspection of the data
gathered was requirgd determinehow it would bebest procesx for analysis This revealed
some important characteristiftg the price and security title fieldghich are noted

(1) Price: The first field that requires some special treatment is the price reported on a
form 4. This price does not necessarily indicate the market value of a stock at that time in any
way. This is for two reasons. Firsbme of thes&rades are recorded for stock options which the
employee is granted for working at a company for a period of t8eeond, stock splits are a
common issue when doing analysis of equities. A stock split is when a company increases the
number of outstandinghares by some multiple in hopes of making their shares more accessible
to anyone. When a stock does a 2 for 1 split at a price of $100 dollars anyone who holds a share
will receive an additional share. Both will be priced at $50 instead of $400alueis lost
however not accounting for these events could throw off results dramatiCédigrly prices
reported at the time of a purchase will not be adjusted for future $plaammary,options and
stock splits are two reasons why the form 4 price mall be used much for analysis. Instead the

transaction date will be paired up with the price histories retrieved earlier as this data is adjusted
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for splits. A negative side effect ofsing these price histories that it becomes impossible to do
any anajsis that compasthe price anemployeetransacted at compared to the market price at

the time.

(2) Security_title:This is one of the only opeanded fields orthe form.However,it is
important to approach corrects the security _titledeterming which trades to include in the
analysis. Of the 3,827,16Bansactionsecorded only 3,021,444 were kefite majority of these
are discarded due to the field not fitting the right critefia example of this would be phantom
stock. As discussed earlidris is a relatively new concept large companies have started using as
an employee incentive. This equity emulates the prica of ¢ 0 mpstck yEdngloyees are
granted phantom shares in the same way they are typical options. The difference is that an
empbyee may choose to "cash out" on these shares at any timeaupastial expiration date
which is set by the companin fact, because phantom stocks are not publicly traded their insider
trading isonly monitored anchot regulatedT his benefits the holder such that an insider can sell
them back to the company if thesiderknows negative and privileged information that may be
going public soon. In this case the company is forced to repurchase theashitheesurrent high
price as long as theghantom ontractsare past their expiration date. Due to the nature of
phantom stocks they are likelybetterprice predictothan normal insider transactiqrisowever
their correlation is likely very different from the more controlled common stock as they can be
traded based on privileged information. Analysis of these equities would likely yield interesting
results but they have only recently gained popularity so there is not much data omttetal.
trades were reported with 16,028 differeseicurity _title(s) however this list is case sensitive.

Many individuals who submitted their forms w
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stocko or i Aa pwhichGe couded sefaratelgpiihis reasomall security titles
were converted to lower sa andon|l vy trades with the exact Wo r
included. A random samplef tradesselected using thilter was spot checkednd tle spot
checked samplgielded only appropriate transactiawsincludefor analysis
The last issue taken care oftims section was to remewvany companies without any
trading history. This leaves 4,469 companies for analysis. Note that the code for this portion of

the project can be fouras Appendixitem B.

3.4: Quarterly Financial Statement Scraping

Gathering quderly financial state data was done using an R package dabghpi
(Armstrong & Eddelbuettel,2018). Rblpapi is a package that interfaces with a Bloomberg
Terminal and allows for data queries to be pulled based on a Bloombearfyaitem Some
fields appeared undesirable from a spatdgmenton the Bloomberg Terminal and were not
included. An example of this would be number of employees as this was consistently empty.
Other dropped fields had nemumeric valuesTables that contain all fieldsitially investigated
are presented as Appendix Items C, D, & E

A script was made that loops through all companies to retrieve common portions of their
guarterly balance sheet, income statement, and cash flow statement. This was done for each
company stding at the current date then going back in time until no data is available. This gave
the earliest date that data is available for a company on Bloomberg.

With the earliest available date much more efficient query can be done which calls all

fields of the three financial statements for each company from its earliest date to today. The
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quarterly history of each company is then saved to its 68N file named according to its
ticker. A total of 120 data fields were scraped.

The next step intcheck thequality of datafor all the fields collectedThis was done by
counting the nota-number (NaN) values for each fieltllaNs were tallied up and anfeld
missing more than 10%n averagewas removed fom every company s

qguarterly

histary. This left 38 fields for the financial statements. Tables 6, 7, & 8 show the 38 items to be

included in the analysis based on the accounting statemefielthes from.

Balance Sheet
Category Accounting Name Bloomberg ID
- Cash, Cash Equivalents, & STI C&CE_AND_STI_DETAILED
- Cash & Cash Equivalents BS_CASH_NEAR CASH ITEM
- ST Investments BS MKT SEC OTHER ST INVEST
Assets - Property Plant & Equipment Net BS_NET_FIX_ASSET
- Other LT Assets BS_OTHER_ASSETS DEF CHRG OTHER
TOTAL ASSETS BS_TOT_ASSET
- ST Debt BS_ST_BORROW
Liabilities - LT Dobt BS_LT BORROW
TOTAL LIABILITIES BS_TOT_LIAB2
- Preferred Equity and Hybrid Capital BS_PFD_EQTY_& HYBRID CPTL
- Share Capital & APIC BS_SH_CAP_AND_APIC
- Minority/Non Controlling Interest MINQRITY_NONCONTROLLING_INTEREST
) TOTAL EQUITY TOTAL_EQUITY
Stockholder Equity PP )
- Total Liabilities and Equity TOT LIAB AND EQY
- Shares Outstanding BS_SH_OUT
- Net Debt NET DEBT
- Net Debt to Equity NET_DEBT_TO_SHRHLDR_EQTY

Originally there were 49 items from the balance sheet, after filtering out fields that were

consistently empty there are only 17 remaining fields.




Cash Flow Statement

Category

Accounting Name

Bloomberg ID

Cash From Operating
Activities

- Net Income

- Depreciation & Amortization

- Chg in Non-Cash Work Cap

- Cash From Operating Activities

CF_NET_INC

CF DEPR_AMORT

CF_CHNG NON_CASH WORK _CAP
CF_CASH_FROM_OPER
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The cash flow statemestarted with 39 items. After filtering out those with more than 10%

missing only 4 remain.

Income Statement

Category Accounting Name Bloomberg ID
- Revenue SALES REV_TURN
- Other Operating Income IS_OTHER_OPER_INC
Operating Income (Loss) ~EBITDA~ IS_OPER_INC
Pretax Income (Loss), Adjusted PRETAX INC

Revenue - Income Tax Expense (Benefit) IS_INC_TAX_EXP

Net Income, GAAP NET_INCOME
- Preferred Dividens IS_TOT CASH PFD DVD
Net Income Avail to Common, GAAP EARN_FOR_COMMON
Basic Weighted Avg Shares IS_AVG NUM_SH FOR EPS

Per Share
Basic EPS, GAAP IS_EPS
Operating Margin OPER_MARGIN

Cash Profit Margin PROF MARGIN

Total Cash Common Dividends IS TOT CASH COM_DVD

The income statement had 30 fields to stafter the filter there were 13 remaigi

Removing these bad columns helped to bring the number of missing values in the data set down

to about 2.15% on average for each column.

There were two main causes contributing to the rest of the missing values. First, for

companies that had histories going far back, certain fields had a tendency to not be reported in

the 19806s

|l eading to

many

N a N dre seaand idsueavasb e g i n

having a whole column NaN. Removing companies that are missing more than 0.5% of their data

from the model training data set would bring the company list from 3,877 to 3,523. It was

believed that keeping these companies in the anadyglsimputing the missing values would
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provide better results for the moadeimparedt@ i scar di ng t he companyodos
when a certain field was not reported it seemed a reasonable assumption that this field is not
rel evant t ofinandiathealttoothpraise yt wasild have been reported.

Under these assumptions companies that had a whole column empty were given values of
0. This should not be much of an issue as the model that will be built using this data set is
focused on the reie change of these values from one quarter to the nexteTigros were
given because thmodel requires all companies have even input dimensiodwalues for every
entry. This approach means the model will see no change in these values just as admga
fundamental analysis on the company.

The other missing data points that were spread out sporadically through the set were
handled. Initially data was imputed by taking the previous value, however analysis showed
models yielded better results usiagvalue bisection instead. Bisection was implemented such
that if there is a missing value this will be the average of the values before and after. The only
exceptiors were tte first or last values missing. If thedi is missing then it asset to thenext
entry, this was in order to input no change in that field into the mdwle similar mannerf the
last valuewasmissingit wasset to the one before hgain, bisection was used for imputatiom
minimize drastic jumps in change between yvoi a r t e r Birdally,uhe todeetisat was used

to scrape the quarterly financial statements is provig&ppendixitemF.
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3.5: Combining Financial Statements with Form 4 and Price History

The final process was data wrangling to combine all of tlegnmation gathered in a nice
format for the model. This was done by combining the quarterly financial statements, form 4
histories, and pricing information into oSV which the model could be trained on.

Using Python, a loop was run which executed tbéofwing process for each company.
First, the separate 3 CSV histories for the company (1) insider trading, (2) price, and (3)
guarterly financial statements were imported into pandas DataFrame objects. The earliest and
latest da¢s werefound forthecompny 6 s t hr ee DataFrames so that
all started at the same maximum earliest date. Except for the price history which was allowed to
have data beyond that of the insider trading and quarterly statement histories. This is to avoid
isstes with not being able to pair a quarterly financial statement to information from a form 4 as
some trades came from before the accounting statements were available.

Thent hese t hree DataFrames are passed to a f
financial statement for each quarter. This function finds the start and end dates of each quarter
then uses these dates to retsmme heuristics from each quarter. The spetifarmationalong

with a description ishown inTable9.



Name Description
buy_count number of purchases during quarter
buy_vol volume of stock purchased during quarter

buy_dollars

dollars worth of stock purchased during quarter

sell_count

number of sells during quarter

sell_vol

volume of stock sold during quarter

sell_dollars

dollars worth of stock sold during quarter

delta_vol total change in volume of shares owned

price_open starting price of the quarter

price_low lowest price through the whole quarter

price_high highest price through the whole quarter

price_close ending price of the quarter.

index_L of L days into quarter the lowest of daily low prices occured
index_H_of L days into quarter the highest of daily low prices occured
index_L of H days into quarter the lowest of daily high prices occured
index_H_of H days into quarter the highest of daily high prices occured

span_LL to HL

days between lowest of lows and highest of lows

span LL to LH

days between lowest of lows and lowest of highs

span_LL to HH

days between lowest of lows and highest of highs

span_HL fo LH

days between highest of lows and lowest of highs

span_HL _to HH |days between highest of lows and highest of highs
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These quarterly heuristics were added to the quarterly statement histories in additional

columns From here changes in these values from quarter to quarter are calctiraseid done

by taking two copies of thBatad-rames, one with the first row not included and another with the

last row missing. Then the difference between the two was found giving a DataFrame that

represents the discrete derivative for all values betweenrtars. To better illustrate this

methodologyFigure2 shows how this would be done for a simplified DataFrame which contains

only the market cap.

Original Latter Frame Earlier Frame Delta Frame
Quarter Market Cap Quarter Market Cap Quarter Market Cap Quarter Market Cap
Q1 1 Q2 2 Q1 1 — Q2-Q1 1
Q2 2 Q3 4 - Q2 2 - Q3-Q2 2
Q3 4 Q4 7 Q3 4 Q4-Q3 3
Q4 7 Q5 11 Q4 7 Q5-0Q4 4
Q5 11
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Figure 2. Methodology for Calculating Value of Quarterly Changes

This deltaDataFrame is combined with some information of which the actual quarter
values are desired instead tfe discrete derivativever that quarter.While mostinputs to the
model forpredicting price movementsill describehow their values have changed ovene,
some featureare more valuable if their actual values are fed to the model instead of the change
from last quarter.

Another way of looking at this is to consider the goal of the madeé prediction will
bethe day low and high prices occur alomgh the time span between the two. It seems intuitive
that this behavior will relate to how markets react to changes in the financial performance of the
stocknot when the low occurred last quarteor this reasonhie model should beained with
the adual valueinstead of the change from last quarter. From a philosophical point of view this
is similar to saying companies going through a certain pattern of financial states will exhibit the
same price formation patterns. For example, if a company tlsabden doing well puts out a
terrible quarterly release it is likely that markets will overreact putting the quarterly low towards
the beginning of the quarter. If the model recognizes this decline in performance one would hope
it will know to put the lowtowards the beginning of the period regardleswloén the last low
occurred.

Finally, this DataFrame which represents the quarterly changes in values must be
reshaped to allow the model to consider multiple quarters going back in time. To understand how
this was dond-igure 3 is provided to depict the structure of the path dependent dataset that will

be input into the model.
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Figure 3. Path Dependent DataFrame Structure

The columns under the delta categories are the pieces of information which the discrete
derivative is entered. This is what was calculated using the delta method shgurm2. The
AVal ues from Quarter 0 c selieshasedinforsatien thatehastther e s w
exact value from the prior quart@rot the discrete derivative)

This illustration specifically pictures a twmeriod delta DataFrame. There are three main
parts of this dataset: (1) value changes from two quarters back to one tpaakesind time
seriesinformationf r om t hat durati on, (2) changes from ¢
andtime seriesnfo, and (3) the target values that the model will predict. Note, in this context the
current quarter does not actually meahtinow, instead it is relative to the target. One example
of this would take the current quarter to be the last quarter in 2010 for a company, the two deltas
would be from the two prior quarters and the targets are the values for the first quarter.of 2011
These predicted targets are unknown from the

Next, the path based DataFrame is normalized such that each column has a mean of 0 and
a variance of 1. This is done so that the data from each company be complied into a larger
DataFrame Doing this process before compiling the dgtaarantees that all changes are relative
to their company. More explanation of why this was done will be covered next chapter. What is
important to understand is that this was the process for one cgpnmpane one company is

processedhenit may be compiled with otheprocesseadompaniesThis yieldsthe final multi






















































































































































