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ABSTRACT 

 

This paper investigates the potential of insider trading as a price indicator for US equities 

along with a non-stochastic relationship between insider transactions and prices. 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 the use of insider 

selling as an input in any investment strategy.  

Analyzing the returns of a companyôs stock for a series of holding periods ranging from 

five days to four years after each insider buy and sell shows insiders have a significant advantage 

on timing regarding when to buy and sell their own stocks. After confirming a difference in the 

behavior of buys and sells a price forecasting model was built. Including either buying or selling 

information during model training increase prediction accuracy compared to a model without any 

insider trading information. Further, the most accurate models include both 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 non-stochastic based on the 

financial state and insider trading patterns for a company over time. Lastly, both a linear 

regression and neural network were used to make pricing predictions, while the linear regression 

was more accurate for pricing predictions the activation function in the network models allowed 

for significantly more accurate timing predictions, that is when the high and low prices will 

occur in a quarter. The insights from this study are found using the price, insider trading, and 

quarterly financial histories from 3,505 companies with 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 heavily dependent 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 

commodities are traded publicly. This is called the Security Exchange Commission (SEC, 2018). 

One of their main responsibilities is tracking insider trading; the SEC does this using various 

forms. The main one being a form 4. The two others are the form 3 & form 5 (SEC, 2018). 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 report any 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 date. Either of the situations requiring a form 5 are rare as most companies have 

strict rules for their own insiders such that the company must pre-approve trades. Companies 
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often go one step further and report transactions to the SEC for the individual executing the 

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 main source 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 essentially 

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 portfolio; this is a common scenario. Further 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 companyôs chief financial officer unloading shares before a bad financial 

statement release which led to a drop in the stock price. This is illegal as the companyôs 

financials were privileged information to that individual. These are clear cut examples but 

applying the rules can be more complicated. 

Due to the nature of inside information, regulations are extended 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 

allowed to buy Samsungôs stock. This is because the information is privileged due to the nature 

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

employee isnôt buying their own companyôs stock, though it would probably be easy for a 

prosecutor to argue this 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 activity is illegal, it 

would likely go unnoticed. Cases such as this are almost never prosecuted as the 3rd party 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 transaction on stock 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 within two days of a transaction (SEC, 2018).  

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 trading could benefit 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 over individual 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 position if the goal is to make markets fair. An integral part of 

the argument for deregulation recognizes that insiders would gain an advantage; the hypothesis is 

their transactions would then convey more valuable information to markets. This would 

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

Manneôs argument. 

 Manne is one of the most well-known advocates for deregulating insider trading. He 

postulates that insider trading would prevent scandals because ñif we allow insider trading there 

would be plenty of people in those companies who would know exactly what was going on and 

would sell shares accordinglyò (Matthews, 2013). An anecdote where this situation comes 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 Manneôs assumption, if trading on private information was allowed insiders 

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 benefitting 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.  

Caterpillarôs story was going to end in the stock dropping regardless of when insiders 

sold their shares due to knowledge of the accounting scandal. However, in the aforementioned 

hypothetical where insider trading is legal, the investors who made it out early would have had 

the additional time-value with their investment capital to allocate towards better opportunities 

hence promoting market efficiency. Further, if insider trading allowed markets to catch on 

sooner then the stockôs price would have had less time to appreciate leading to less overall 

economic loss when the drop did occur (Yu, 2017). This real-world anecdote gives Manneôs 

position good grounding as there is no way that insider trading would have hurt individual 

investors or the economy more than what actually happened. For terminologyôs sake, Manne is 
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on the libertarian end of the spectrum of insider trading regulation. While Manne makes an 

argument rooted in overall economic benefit for society some hard-core libertarians share 

Manneôs position for more elementary reasons. Some libertarians more simply believe the 

government has no right to dictate what its citizens can do with their own private assets.  

The hard-core libertarians run into trouble with their argument when considering 

potential malicious intent of insiders. This leads to the middle of the regulatory spectrum which 

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 benefits to allowing the practice.  

This centrist position mostly pushes for companies to form their own policies for 

employees. With this practice the generally accepted policy is that the government should only 

get involved in the case of severe ethical violations (Bainbridge, 1998). Similar to libertarians, 

supporters of this policy believe it is self-evident that allowing insiders to inform the market will 

promote market efficiency. This position also states that privileged access to information offers 

managers a form 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 manner they see fit also benefits the company as 

stock options become a much more valuable incentive for employees at no cost to the company. 

Current regulations also drive up operating costs as large companies have to hire legal teams and 

SEC filing services to be sure they are complying properly. It seems reasonable that a company 

should know how to prevent egregious violations better than the government as the nature of 

privileged information varies greatly depending on corporation. An example where the 

government would get involved under the centrist 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 stock and then causing it to crash. Centrists believe strict enough punishment should 

effectively incentivize 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 on ñfairnessò for private citizen investors. Fairness is 

a fuzzy topic based heavily on an individualôs perspective. What is fair to an average citizen who 

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 case, the accountant 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 still take a steep hit. The current regulations donôt have a 

solution for this employee. While the current 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 

preposterous to think that the ñaverage Joeò has an equal chance of beating market returns 

against CEOs and CFOs at a Fortune 500 (Matthews, 2013).  

Current market regulations on insiders are so strict that they rarely have a chance to 

transact on their companyôs stock. Often companies only give individuals required to file a form 

4 opportunities once or twice a quarter to sell stock. These days are set in advance as far from the 

release of a companyôs quarterly financial statements as possible. While the government does not 

specifically require that companies adopt 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, it is clear the insider trading is a controversial topic. The 

quantity 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 good entrance and exit 

opportunities are around the corner. This begs the question, does the information tracking insider 

transactions offer valuable insights regarding the price movements of public equities for the 

future? The next chapter will go deeper into public research focused on insider tradingôs 

relationship with equity pricing. 
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Chapter 2: Relevant Literature 

There is a lot of literature analyzing potential effects of insider trading regulation. Most 

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 available on the internet since 2005, however they 

were much more difficult to access until the SEC revamped their database in 2011. While public 

record lacks any empirical analysis on insider trading it is clear that financial institutions have 

done their own analysis early on and kept it out of public circulation in order to keep an 

advantage in markets. From here on only data-based analysis of insider trading is featured. 

Chapter 2.1: Proof Insiders Posses an Advantage Over the Public 

Ryle et al. (2017) shows insiders have historically had an edge in markets. The analysis 

focuses on open market orders from insiders based off of a companyôs form 4 history. 

Derivatives were ignored as they can be reported in various ways on the form making collecting 

this information more manual. This is justified considering derivative trades represent a small 

proportion of insider transactions. Moreover, any shorting within a company looks unfavorable 

from the eyes of the SEC. In response many companies have a flat ban on employees executing 

options.  

Ryleôs analysis shows that insiders have significantly better returns when buying their 

own stock compared to average market returns. Furthermore, the difference in returns increased 
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when only considering trades of company officers. Officers are positions such as the chief 

executive, financial, & operations officers, along with treasurer, president, VP, or someone on 

the companyôs board (Core & Guay, 2004). Finally, the type of trade made a significant 

difference. General purchases of common stock saw the greatest returns compared to employees 

executing stock options. The hypothesized explanation is that options allow employees to buy 

the stock at a sub-market price and are often very structured regarding the timing of executions.  

Next is a study that shows insiders have previously traded on knowledge of events such 

as bad accounting releases (Garfinkel, 1997). This was shown by the fact that a significant drop 

in trades was seen in the 30 days before a bad accounting release.  A later study out of the Penn 

State Accounting department continued this work (Ke et al., 2002). This analysis is more telling 

as it bolsters the hypothesis that insiders trade based on bad accounting releases. This is done by 

comparing two time periods. The earlier period, also analyzed by Garfinkel, had 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 those who reported such activities.  

During the second time period with the new program the insider behavior of trading soon 

before bad releases which was found in Garfinkelôs paper essentially disappeared. However, the 

new analysis discovers the phenomenon simply happens at a much earlier date. The change in 

regulation led to insiders trading on the knowledge of underperforming accounting disclosures 

up to two years beforehand as insider sales instead increased three to nine quarters ahead of a 

poor disclosure during the more regulated period. This type of behavior occurred more 

commonly for growth companies. An interesting corollary, there is almost always an abnormally 

low quantity of selling two quarters or fewer before a bad financial statement release during the 
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latter period. This adds further 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. It is also clear that insiders have historically traded on privileged 

information such as future accounting releases. However, an insider beating the market is not the 

same as the market noticing and outside investors adjusting their stake accordingly. This section 

provides evidence that traders react to the information of insiders transacting by citing price 

movement behavior that is consistent with the timing of form 4 filings.  

First is a paper which covers how insider trading evolved in 2002 after the Sarbanes ï 

Oxley Act (Brochet, 2010). Brochet has a similar methodology to the two financial disclosure 

studies mentioned previously in that he analyzes the effect of new regulations on insider trading 

by comparing the marketôs behavior before and after new legislation. Brochet provides evidence 

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 Sarbanes-Oxley Act (or SOX Act). Before the 

introduction of the SOX 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 to newly available information which made markets focus in on insider 

trading to gain an extra edge.  

The SOX Act also led to a significant decrease in the volume of insider trading, Brochet 

attributes this to insiders now fearing scrutiny from the SEC. On the other hand it is clear that the 
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SOX act led to an increase in trading on filing of Form 4ôs. This phenomenon can be seen by the 

fact that after the SOX Act average daily trading was higher upon insider trading signals than it 

was beforehand. Pre-SOX daily volume was 1.03% higher than expected upon a form 4 

submission for an equity. Post-SOX market volumes were 12.03% above average daily volume.  

Rodgers et al. (2017) is the second paper that addresses the marketôs reactions to insider 

transactions. This focuses solely on the effects of a time delay for insider information arriving to 

large institutions vs. being published online. 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 time the SEC had a paid subscription service called the PDS (Public 

Dissemination System). This sent out information including form 4 filings to subscribers. On 

average these customers received information about 40 seconds before it was publicly available 

on the SECôs website. With only 20 subscribers to this service it was clear that price, volumes, 

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 advantage of the same nature insider 

regulation attempt to eradicate.  

This advantage is important for two reasons: first, it proves that insider trading 

information is clearly traded on in markets and large trading firms recognize the value of this 

information. Second, 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 the SEC at the time, 

Mary White, found the results so conclusive that she adjusted the SECôs policy. The new policy 

ñensures that EDGAR filings are available to the public on the SEC website before such filings 
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are made available to PDS subscribersò. This provided further opportunity for investigation 

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. The new data 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 (Rodgers et al., 2017). 

However, this reaction moved to the time that the data was publicly available. The fact that the 

reaction moved later to the same degree that the timing of information dissemination was pushed 

back further confirms that large institutions trade on insider transactions. 

 Chapter 2.3: Buying vs. 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 Ke et al. (2002). Others brushed it off, for example Ryle (2017) addresses this issue 

by citing evidence from a short article (Roberts, 2013). A quick review shows that this article 

cites no analysis and instead claimed common knowledge from Wall Street. That is, selling is not 

as effective of 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 risk. A quick 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 Rodger et al. (2017) use when explaining why insider 

sells were not included in analysis. It is notable that this paper did directly affect SEC policy on 
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the issue. However, this idea should still be taken lightly there is still no numerical analysis cited 

as justification. In all, the fact that there is contradictory evidence regarding selling means the 

relationship of insider selling and price movement will be an area of high interest in this paper. 

More specifically, whether insider buying information provides different value compared to 

insider sells in a price prediction model. 

Before going further, I would like to present some anecdotal examples of why selling 

information will be so heavily investigated. First, in one section of Ryleôs (2017) analysis, it is 

shown that insiders do sell at advantageous times to beat market returns. However, selling 

information is never incorporated into 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 investigated are historical 

examples of insiders dumping shares and the stock price underperforming soon after. Two recent 

examples are Twitter back in August of 2015 when insiders dumped $103 million before a 

significant price decline (Sun, 2015). More recently, Mark Zuckerberg has been observed 

unloading over $10 billion of his ownership in Facebook just in time to avoid a 33% dip since 

June of 2018 to date (Gajanan, 2017).  

It should be noted that Brochet (2010) claims some concrete findings regarding selling 

information and price predictions. This is that stock returns are not more negative after insiders 

selling; it took controlling for multiple variables such as pre-planned transactions, reporting lag, 

litigation risk, and news to find a statistically significant correlation between selling and returns. 

However, this was just a side note in the study. However, the recent examples of share dumping 

provided offer anecdotal motivation to test selling informationôs value. Arguably the most 

significant reason for this focus is that no study found questions the value of insider purchasing 
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information, however the value of selling information is consistently ignored with almost no 

empirical justification.  

In summary, Garfinkel (1997) clearly shows insiders previously traded in close proximity 

to bad accounting statements in the late 90ôs. Then in Ke et al. (2002) show a change in this 

behavior due to a new policy which gave monetary rewards for reporting insider trading 

violations. Later on Brochet (2010) shows that this behavior did not disappear, instead selling 

was pushed further forward before the date of bad news due to the Sarbanes-Oxley Act. This 

continuous trend of insiders pushing their trades forward before bad news is released leads 

investors to live in ignorance regarding bad practices of the companies they are holding for even 

longer. Instead current legislature stops markets from reacting as they should because insiders 

are specifically prohibited from selling 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 relevant topic is focused on building a pricing model of non-stochastic nature. 

Cont et al. (2018) set out to predict the next tick in price of any U.S. equity, be it up or down, 

based on the state of that companyôs order book. Figure 1 shows an example order book to more 

clearly illustrate the concept.  
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Figure 1. Example Order Book  

The order book represents a snapshot of the supply and demand for a stock at a current 

point in time. The óaskô rows in red show the current quantity of orders to sell a stock at a 

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 is the difference between the lowest sell (ask) price 

and the highest buy (bid) price. If an order for 500 stocks at $80.00 was placed then the 

corresponding ask quantity for that price would go down to 600 as the order would be executed 

immediately. Knowing the state of a companyôs order book over time can inform investors of the 

direction a stock is going. This study shows there is a universal price formation mechanism that 

applies to 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 states of an equityôs order book. First using company specific data meaning a 
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companyôs predictions were only based on that companyôs past order book history. This method 

yielded a prediction accuracy ranging from 65% - 75% 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 training with no consideration for what company 

data came from or what company it was making price predictions for either. This combined 

model out preformed others which were trained and tested using individual company or sector 

specific data. On average, the models trained universally were over 2% more accurate than 

company, sector specific, or any other type of dataset tried. This was true for testing sets from 

models that were trained with totally unrelated data. For 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 this paper the same concept will be 

applied as it allows for much larger sets to train a pricing model. This is useful because insider 

trading data is less abundant as transactions occur less than order book structure changes which 

can vary hundreds of time per second. The second concept that will be used from this study is the 

path dependence property of price formation.  

Path dependent price formation means that prices do not move based only on a 

companyôs current state. This is referred to as non-Markovian in statistics. This order book study 

makes it amply clear that using more order book states going back in time to make one 

prediction going forward leads to consistently more accurate predictions. 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 slightly different approach; this will be covered during the 

analysis sections.  

The final area of interest that will be used as inspiration in this research is that deep 

learning models outperformed regressions by 5% - 10%.  Neural networks for deep learning have 

been researched and implemented commonly in many applications regarding image and 

language processing. However, more recently their applications have been further reaching. The 

boosted performance that Cont et al. found in their research shows potential benefits of using a 

neural networks in a finance application where regressions would typically be the go to option.  
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Chapter 3: Data Gathering and Processing 

This chapter describes the 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 information 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 for the models 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 record which have ever been 

publicly traded in the US (Zacks, 2018). Zackôs screen returns the following three fields: (1) 

Company Name, (2) Ticker, & (3) Market Cap. This query contained information for 7,787 

companies. This is saved to a comma separated value (CSV) 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 companies. Many steps of data collection will be covered; after 

each step companies are thrown off the list when data is not available from that part of the 

collection process. When this happens, it will be clearly noted along with a summary of the 

relevant impacts on the dataset.  
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3.2: Getting Additional Company Heuristics & Price History 

The next step is to get more company information and a price history for these 

companies. This is done in R using the finreportr & BatchGetSymbols packages (Seward, 2016 

& Marcelo, 2018). First, finreportr is used to gather more heuristics about each company which 

will be used to scrape insider trading information. These are shown in Table 1. 

Table 1. Information Collected on Each Company 

 

The package used, finreportr, gets this information directly from the SECôs website. For this 

reason, companies which finreportr returns no results are removed from consideration. This 

brings the list of 7,787 companies gathered from zacks.com down to 5,423 companies.  

Next, BatchGetSymbols was 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 stock splits. 

The price history CSVs are kept in a folder for later; each is named according to its companyôs 

ticker. Note that the code used to collect this data can be found as Appendix Item A.  
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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 from chapter 3.2 were checked to see if any companies could be 

removed. There was one company that needed to be removed as no price history was available 

leading to have 5,422 companies remaining for analysis. This one was removed because it was 

the phantom stock ticker for a company that somehow made it this far in the collection process.  

Before going further, a quick divergence on phantom stocks as this will become more 

relevant later on. Phantom stock is an internal tool large companies have started to use as 

compensation. However, it cannot be publicly 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 the SECôs website by picking apart the 

structure of their EDGAR Database (Electronic Data Gathering, Analysis, and Retrieval). First it 

was found that the search results of a companyôs insider trading forms can be generated using the 

following formula for a search result link: search_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 these search 

result links are generated is provided in Table 2.  
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Table 2. Example Link Formation for Scraping Accession Numbers 

 

 

The example link provided in a copy paste format is:  

¶ https://www.sec.gov/cgi-bin/browse-

edgar?action=getcompany&CIK=001606180&type=&dateb=&owner=only&start=0&co

unt=  

 

Investigating this 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 from this AAC 

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 company using 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 by 1. The only piece of information needed 

from the links generated in this step is the accession number of each form 4. The accession 

number is a unique identification number the SEC has for all documents in their system. 

Numbers are assigned to documents in increasing 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 results of each page using a python package 

Beautifulsoup4 (Richardson, 2018).   

Now, the document name of each form 4 is needed as another piece of information to access 

information on a form 4 submission. To access the document name another group of pages has to 

be accessed, one for each form 4 accession number found or over 3.8 million individual links. 

The link to access the document names page uses the following format: submission_link = url_1 

+ cik + '/' + acc_no_noDash + '/' + acc_no_wDash + url_2. Table 3 shows an example of what 

these parameters look like and how they go together. 

Table 3. Example Link Format ion for Scraping Document Names 

 

The example link from Table 3 is provided in a clickable format:  

¶ https://www.sec.gov/Archives/edgar/data/1606180/000120919118060621/0001209191-

18-060621-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 document is the first result on that page and matches the 

given accession number. As mentioned, what is desired on this page is the document name; again 

Beautifulsoup4 was used to scrape this information. Now the actual form 4 information can be 

collected since all accession numbers and corresponding document names have been collected 

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 formula to access a 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. 

Table 4. Example Link Format ion for Scraping Document Informat ion 

 

The link in Table 4 goes to the following form:  

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

However, this is in eXtensible Business Reporting Language or XBRL. The SEC also provides 

the information in a more human friendly format, this is shown at the following page:  

¶ https://www.sec.gov/Archives/edgar/data/1606180/000120919118060621/xslF345X03/d

oc4.xml 

 

The example links above are for the same document that has been traced through Table 1 and 

Table 2. Information was scrapped from 3.8 million other pages just like this example. The 12 

fields collected from each submission are shown in Table 5 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 

 

Most of the fields on the form are straight forward however a closer inspection of the data 

gathered was required to determine how it would be best processed for analysis. This revealed 

some important characteristics for the price and security title fields which 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. First, some of these trades are recorded for stock options which the 

employee is granted for working at a company for a period of time. Second, stock splits are a 

common issue when doing analysis of equities. A stock split is when a company increases the 

number of outstanding shares 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 $100. No value is lost 

however not accounting for these events could throw off results dramatically. Clearly prices 

reported at the time of a purchase will not be adjusted for future splits. In summary, options and 

stock splits are two reasons why the form 4 price will not 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 of using these price histories is that it becomes impossible to do 

any analysis that compares the price an employee transacted at compared to the market price at 

the time.  

(2) Security_title: This is one of the only open-ended fields on the form. However, it is 

important to approach correctly as the security_title determines which trades to include in the 

analysis. Of the 3,827,163 transactions recorded only 3,021,444 were kept; the majority of these 

are discarded due to the field not fitting the right criteria. An example of this would be phantom 

stock. As discussed earlier this is a relatively new concept large companies have started using as 

an employee incentive. This equity emulates the price of a companyôs stock. Employees are 

granted phantom shares in the same way they are typical options. The difference is that an 

employee may choose to "cash out" on these shares at any time past an initial expiration date 

which is set by the company. In fact, because phantom stocks are not publicly traded their insider 

trading is only monitored and not regulated. This benefits the holder such that an insider can sell 

them back to the company if the insider knows negative and privileged information that may be 

going public soon. In this case the company is forced to repurchase the shares at the current high 

price as long as the phantom contracts are past their expiration date. Due to the nature of 

phantom stocks they are likely a better price predictor than normal insider transactions, however 

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 on them. In total 

trades were reported with 16,028 different security_title(s), however this list is case sensitive. 

Many individuals who submitted their forms would provide entries such as ñAAPL common 
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stockò or ñAapl Common Stockò which are counted separately. For this reason, all security titles 

were converted to lower case and only trades with the exact words ñcommon stockò were 

included. A random sample of trades selected using this filter was spot checked and the spot-

checked sample yielded only appropriate transactions to include for analysis.  

The last issue taken care of in this section was to remove any companies without any 

trading history. This leaves 4,469 companies for analysis. Note that the code for this portion of 

the project can be found as Appendix Item B.   

3.4: Quarterly Financial Statement Scraping  

Gathering quarterly financial state data was done using an R package called Rblpapi 

(Armstrong & Eddelbuettel, 2018). Rblpapi is a package that interfaces with a Bloomberg 

Terminal and allows for data queries to be pulled based on a Bloomberg ID of an item. Some 

fields appeared undesirable from a spot judgment on 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 non-numeric values. Tables that contain all fields initially investigated 

are presented as Appendix Items C, D, & E. 

A script was made that loops through all companies to retrieve common portions of their 

quarterly balance sheet, income statement, and cash flow statement. This was done for each 

company starting 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, a 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 own CSV file named according to its 

ticker. A total of 120 data fields were scraped.  

The next step is to check the quality of data for all the fields collected. This was done by 

counting the not-a-number (NaN) values for each field. NaNs were tallied up and any field 

missing more than 10% on average was removed from every companyôs quarterly financial 

history. 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 statement the field is from.  

 

Table 6. Balance Sheet Items Included in Analysis 

 

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

consistently empty there are only 17 remaining fields. 
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Table 7. Cash Flow Statement Items Included in Analysis 

 

The cash flow statement started with 39 items. After filtering out those with more than 10% 

missing only 4 remain. 

Table 8. Income Statement Items Included in Analysis 

 

The income statement had 30 fields to start, after the filter there were 13 remaining. 

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 1980ôs leading to many NaNôs at the beginning of that companyôs set. The second issue was 

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 analysis and imputing the missing values would 
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provide better results for the model compared to discarding the companyôs whole history. Further 

when a certain field was not reported it seemed a reasonable assumption that this field is not 

relevant to the companyôs financial health otherwise it would 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 relative change of these values from one quarter to the next. These zeros were 

given because the model requires all companies have even input dimensions and values for every 

entry. This approach means the model will see no change in these values just as a human doing 

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 using a value 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 

exceptions were the first or last values missing. If the first is missing then it was set to the next 

entry; this was in order to input no change in that field into the model. In a similar manner, if the 

last value was missing it was set to the one before it. Again, bisection was used for imputation to 

minimize drastic jumps in change between two quartersô values. Finally, the code that was used 

to scrape the quarterly financial statements is provided as Appendix Item F.  
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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 the information gathered in a nice 

format for the model. This was done by combining the quarterly financial statements, form 4 

histories, and pricing information into one CSV which the model could be trained on.  

Using Python, a loop was run which executed the following process for each company. 

First, the separate 3 CSV histories for the company (1) insider trading, (2) price, and (3) 

quarterly financial statements were imported into pandas DataFrame objects. The earliest and 

latest dates were found for the companyôs three DataFrames so that each companyôs information 

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 

issues 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.  

Then these three DataFrames are passed to a function which loops through the companyôs 

financial statement for each quarter. This function finds the start and end dates of each quarter 

then uses these dates to return some heuristics from each quarter. The specific information along 

with a description is shown in Table 9.  
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Table 9. Heurist ics Added to Quarterly Financial Statement History 

 

These quarterly heuristics were added to the quarterly statement histories in additional 

columns. From here changes in these values from quarter to quarter are calculated. This is done 

by taking two copies of the DataFrames, 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 between quarters. To better illustrate this 

methodology Figure 2 shows how this would be done for a simplified DataFrame which contains 

only the market cap. 
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Figure 2. Methodology for Calculating Value of Quarterly Changes 

This delta DataFrame is combined with some information of which the actual quarter 

values are desired instead off the discrete derivative over that quarter. While most inputs to the 

model for predicting price movements will describe how their values have changed over time, 

some features are 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 model. One prediction will 

be the day low and high prices occur along with 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 

stock not when the low occurred last quarter. For this reason the model should be trained with 

the actual value instead 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 that has been 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 low towards the beginning of the period regardless of when 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 done Figure 3 is provided to depict the structure of the path dependent dataset that will 

be input into the model. 

 



33 
 

 

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 show in Figure 2. The 

ñValues from Quarterò columns are features with time series-based information that has the 

exact value from the prior quarter (not the discrete derivative).  

This illustration specifically pictures a two-period delta DataFrame. There are three main 

parts of this dataset: (1) value changes from two quarters back to one quarter back and time 

series information from that duration, (2) changes from one quarter back to the ñcurrentò quarter 

and time series info, and (3) the target values that the model will predict. Note, in this context the 

current quarter does not actually mean right now, 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 model inputôs perspective.  

 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 data guarantees 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 company. Once one company is 

processed then it may be compiled with other processed companies. This yields the final multi-




































































































