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ABSTRACT 

Research in advanced computational methods has delivered innovative approaches 

that can be applied to analyze huge collections of business and financial data. Big data 

analytics techniques in financial markets are being extensively used to identify patterns, 

trends, and predict the outcome of certain events. Developing advanced and sophisticated 

financial models based on big data is not trivial, and challenges are coming from the 

development of new methods that could improve financial strategies. 

In this thesis, we develop a big data analytics system that adopts social network 

analysis techniques to support the entire lifecycle of big data analytics and the functions 

to find optimal solutions for future financial performance predictions, based on our new 

dynamic pair trading algorithms. We will show that our dynamic pairs trading strategy 

outperforms S&P 500 index returns. Our dynamic pairs trading algorithm is designed to 

support high-frequency trading by taking advantage of small temporal differences in the 

current price data, because the traditional static pairs trading model is used to exploit 

long-term market phenomena and not applicable for high-frequency trading. 

The thesis will also present a new trading strategy based on dynamic temporal 

contract networks. We propose and investigate two hypotheses: i) the performance of the 

central company is an indicator of the performance of its peripheral companies, and ii) 

there is a positive relationship between the centrality and the performance of the 

companies. Our result shows that the higher centrality companies in the network, the 

greater the interaction relationships with other companies. Companies with higher 

centrality are more exposed to the market, and they have more opportunities to adopt 

market changes immediately.   
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Chapter 1 Introduction 

1.1 Motivation 

We live in the era of big data, and big data analytics is crucial. As computer 

technology has advanced, information technology has been applied to every part of the 

business process, and large collections of business and financial data are created and 

placed in digital storage. When the price of storage becomes more affordable, more 

people and organizations realize the value of data, which is stored continuously and 

increased faster than ever before. This new technical evolution in the business process 

increases the volume of data, but it also decreases the business process time. As a result, 

it requires the need for faster decision-making. Therefore, with this massive amount of 

data the organizations already have, many people are looking for better ways to obtain 

full value from their data. 

Big data analytics consists of two things (Russom 2011): big data and analytics. 

Then, “big data” includes how to store and process big data and “analytics” includes how 

to use big data. When they come together, we can create the most profound results never 

expected. The concept of big data has been around for years and involves every part of 

our society. Big data is not just about giant data volumes; it is also about an extraordinary 

diversity of data types delivered at various speeds and frequencies. The general term “big 

data” can be both structured and unstructured based on its three characteristics: Volume, 

Velocity, Variety, Variability, and Veracity. “Volume” relates to the amount of data 
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being collected and stored, “Velocity” is the speed with which the data is sent or 

received, “Variety” relates to the different formats of data in the market, “Variability” 

refers to establishing if the contextualizing structure of the data stream is regular and 

dependable even in conditions of extreme unpredictability, and “Veracity” refers to the 

biases, noises and abnormality in data. Big data can be differentiated from sampling data, 

where having more data, especially historical data, often will help the model predictions 

be more accurate. We can learn from a large body of information that we could not 

understand when using smaller amounts. Ergo, the analytics with big data become more 

significantly challenging than ever. 

Big data analytics can support a wide range of financial and business strategies. The 

big data in financial markets covers many relevant areas including regulation and 

compliance, trading strategies and algorithms, transactions between institutions, and its 

infrastructures (MacKenzie & Millo, 2003). There is an imminent priority to analyze the 

internal business data that can be retrieved from sales, finance, marketing and human 

resources that impact business and financial systems’ efficiency (Zhu et al. 2007, Bovee 

et al. 2005). However, there is also a need to analyze external business data, such as 

supply chain data, which supports business and market professionals’ decision making to 

get optimal results (Cruz, 2008). These massive quantities of business data, which can be 

regarded as ‘big data’, hold the promise of supporting a wide range of financial and 

operational functions and business strategies, when the data analysis is performed 

properly.  
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Big data analytics techniques in financial markets are being extensively used to 

identify patterns and trends, as well as predicting the outcome of certain events. Research 

in advanced computational methods, such as Social Network Analysis (SNA) techniques, 

has delivered new models, approaches, and knowledge that can be applied to analyze 

these collections of business and financial data.  

1.2 Research Objectives 

The objective of this thesis is to provide a big data analytics system that provides an 

efficient and flexible analytics environment and supports advanced and sophisticated 

financial models based on big data. We provide the functions to predict the firm’s future 

stock performance based on two hypotheses: i) the performance of the central company is 

an indicator of those of the peripheral companies and ii) there is a positive relationship 

between the centrality and the performance of the companies. There are two topics that 

will be examined: first, the analysis of High Frequency Trading (HFT) data based on a 

dynamic HFT temporal network and the second, the analysis of contract network based 

on a dynamic contract network by adopting Social Network Analysis (SNA) approach.  

HFT has become to play a significant role in the market. Since HFT has short holding 

period of several seconds to hours in a day, HFT requires faster decision algorithms that 

can detect any tradable market irregularities during a day. We build a new dynamic HFT 

temporal network model by adopting SNA techniques that can update the current market 

data without any delay. Therefore, our new dynamic HFT temporal network model can 
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help to develop a new low latency algorithm for HFT that could detect small pricing 

imbalances and take profits from them.  

Material contracts in nature contain relevant information about the future 

performance of companies, and they are likely to contain highly proprietary information 

that highlights their economic importance (Li 2008). By studying material contracts, we 

build a new dynamic contract network that can quantitatively analyze relationships 

among companies in a contract network by adopting SNA approach. We then extend this 

new financial knowledge that extracted from a dynamic contract network analysis to 

create new trading strategy. 

The proposed big data analytics system can support different time frame data by 

adding new functions or by changing its environment settings without building a new 

analytics model. Furthermore, it will help to find a hidden financial relationship that can 

predict the firm’s future stock performance. 

1.3 Solutions Overview 

In this thesis, we apply SNA technologies to analyze two types of business big data: 

HFT data and material contracts data. We develop a big data analytics system that adopts 

SNA techniques to support the entire lifecycle of big data analytics, spanning from data 

extraction to integration to transformation to analysis, and the functions to find optimal 

solutions for future financial performance predictions based on our new dynamic pair 
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trading algorithms. The dynamic pairs trading algorithm supports the appropriate 

solutions for i) how to choose the pairs that might have some relationships and ii) when 

we enter or exit from the market. Next, we will apply this algorithm to the dynamic pairs 

trading strategy. We compare our dynamic pairs trading strategy of centrality and 

correlation pairs by using the Exponential Weighted Moving Average (EWMA) 

algorithms to the S&P 500 index returns. 

Technologies related to SNA have been applied to huge digital data sets for mining 

and discovering knowledge from correlations (Wu et al., 2014). Correlations between 

business contracts and stock price change are tested with the hypothesis that the 

performance of the central company is an indicator of the performance of the peripheral 

companies. Furthermore, there is a positive relationship between the centrality and the 

performance of the companies. The higher centrality company in the network has a 

greater interaction relationship with other companies. Therefore, the companies with 

higher centrality are more exposed to the market, and they have more opportunities to 

adopt the market changes immediately. We focus on two different types of ‘big data’; 

business contracts data and high-frequency stock trading data for analysis.  

Our system aims to find a predictive value, which may lead to new trading strategies, 

from the contracts network. We will test the regression model: 𝑌𝑡 = β𝑋𝑡 + 𝜀, where 𝑋𝑡 is 

the price return of the highest centrality security and 𝑌𝑡 is the return of peripheral 

securities that belong to top 100 correlated securities of 𝑋𝑡. After running all 100s of the 

regression models, we found evidence of relationships between the centrality and stock 
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performance. There is a positive relationship between the centrality and the performance 

of the company in terms of stock returns. With regard to a contract network approach, the 

average monthly returns for higher centrality groups slightly outperform the average 

monthly return of lower centrality groups, and both the higher and lower contract 

network centrality group of securities outperform the S&P 500 index returns. Finally, two 

cross-sectional time series regression analyses with different stock performance time to 

centrality and correlation found there are 6-month time delays for contract network 

centrality to reflect stock performance.  

1.4 Thesis organization 

The remainder of this thesis is organized as follows. In Chapter 2, we present a 

review of background and related research work. We review the traditional financial 

theory, such as technical and fundamental analysts, random walks, efficient market 

hypothesis, pair trading strategy, HFT, Material contracts, Big data analytics, SNA, and 

Statistic Regression Approach as a literature review. In Chapter 3, we present a new HFT 

analysis methodology. We will explain our research problems and investigate current 

research methods that are used in our research, such as time series normalization 

methodologies, time series analysis, and SNA techniques. Next, we will present our new 

HFT dynamic pair trading strategy adopting those techniques, followed by the system 

implementation and then a discussion of the experiment and evaluation results. In 

Chapter 4, we will explore contract network analysis methodologies that suggest a new 
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trading strategy based on SNA techniques. We explain our research problems and 

investigate current research methods that are used in our research, such as SNA 

Centrality techniques, non-stationary regression models, and Apache UIMA 

(Unstructured Information Mange Architecture) techniques. We present our system 

implementation, discuss the experiment, and examine the evaluation results. Finally, we 

summarize the thesis and present future research within Chapter 5. 
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Chapter 2 Literature Review 

2.1 Predictability of financial markets 

Predicting stock price changes in the financial market has always had a certain appeal 

to academic researchers, as well as market professionals. There are two diametrically 

opposed approaches to predicting stock prices: technical analysis theory, also known as 

“chartist analysis theory”, and fundamental analysis theory (Fama, 1965).  

2.1.1 Technical Analysis vs Fundamental Analysis 

Technical analysis theory has been studied to forecast the future stock price 

movement by analyzing past market data, which primarily consists of the market price 

and volume data. Murphy (1999) defined technical analysis as “the study of market 

action, primarily through the use of charts, for the purpose of forecasting future price 

trends”. In this definition, the term “market action” includes the price and volume, in 

general. According to Murphy (1999), there are three main philosophies that the technical 

analysts rely on:  

1. Market action discounts everything.  

2. Prices move in trends. 

3. History repeats itself. 

The statement “market action discounts everything” is the most general principle that 

most technical analysts believe in. Anything that can possibly affect the market price 
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such as fundamentally, politically, psychologically or otherwise, is already reflected in 

the price of that market (Murphy 2011). Hence, technical analysts believe that they can 

anticipate the market trends by analyzing market data and studying charts. In order to 

determine the best choice when building a portfolio, technical indicators will give a 

future perspective on the behavior and investment psychology (Bloch 2014).  

The technical analysis approach has been motivated by “Dow Theory” which was 

first proposed by Charles H. Dow in 1882 (Griffioen, 2003). Dow Theory was a series of 

principles for understanding and analyzing market behavior based on stock prices. 

Charles Dow believed that fundamental economic variables would determine prices in 

the long run. Based on this idea, Dow created the first and consequently most widely-

known index in 1896 (Griffioen, 2003), which is known as the Dow-Jones Industrial 

Average (DJIA). The DJIA contains 30 of the largest and most influential companies in 

the United States based on price-based weighting. Motivated by its long-run success, the 

chartist or technical analysis theory was formed.  

The fundamental principle of technical analysis is that the price reflects all relevant 

information, and it also states there is no need to include other fundamental data to 

analyze. The basic assumption of technical analysis theory is that “history tends to repeat 

itself” (Fama, 1965). Therefore, the past patterns of price behavior in individual securities 

will tend to recur in the future. By using this approach, the sequence of price changes 

prior to any given day is important to predict the price change for that given day.  
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Most of the technical analysis techniques focus on identifying price patterns and 

market trends in financial markets. In order to analyze the price movements, technical 

analysts closely study the prices using charts to identify price patterns and market trend. 

The methods they use include moving averages, regressions, market price correlations, 

technical indicators, and Artificial Neural Networks (ANN) to detect more complex 

patterns.  

Wagman (1999) provides a simple framework based on Genetic Programming (GP), 

which tries to find an optimal portfolio with recurrence to a simple technical analysis 

indicator, the moving average (MA). By generating a set of random portfolios, the GP 

algorithm tries to converge in an optimal portfolio by using an evaluation function that 

considers the weight of each asset within the portfolio and the respective degree of 

satisfaction against the MA indicator, using different period parameters. Technical 

analysts often apply a set of rules to the asset’s prices, their volumes, and other financial 

factors based on technical indicators to classify each stock within the market.  

Technical analysts can pick the best securities according to the indicator they 

employed. However, there are some problems that occur when applying technical 

indicators that need to determine the best time window, because the different time scales 

will result in different outputs (Fernandez-Blanco et al. 2008). The problem of 

determining which one is the best time window can be the solution to an optimization 

problem. Quantitative analysis and behavioral analysis adopt many of the same 

methodologies of technical analysis.   
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Unlike technical analysts, fundamental analysts believe that market price does not 

fully reflect all the relevant information. Fundamental analysis theory is more focused on 

evaluating an individual security’s intrinsic value. This is accomplished by analyzing 

fundamental factors from a company’s financial statements, such as balance sheets, cash 

flow statements and income statements, to determine whether there is any earning 

potential of the security. If the market price of an individual security tends to move 

forward to its intrinsic value, then the intrinsic value of a security will be the indicator of 

future price movement.  

In general, fundamental analysis takes a relatively long-term approach to analyzing 

stock market movements compared to technical analysis. First, a profit is not realized 

until the stock market prices are adjusted to its correct value after a fundamental analyst 

estimates a security’s intrinsic value. Secondly, financial statements are filed on a 

quarterly or yearly basis. Therefore, fundamental data is generated and updated slowly, 

not like daily changes on stock prices and volumes. Because technical analysis and 

fundamental analysis are different, investors use these as complementary methods for 

each other. For example, many fundamental analysts select a technical approach for 

deciding market entry or exit timing, and many technical analysts adopt fundamentals to 

specify their portfolio universe (Wikipedia: Fundamental analysis).  

Lev and Thiagarajan (1993) examined a set of financial fundamental variables that 

analysts claim are useful for determining a security’s intrinsisc value. Those fundamental 

variables include earning, risk, growth, and competitive position. Appendix A will show 
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the details of the measurement of each variable. This fundamental analysis result shows 

approximately 70% of excess return on average for the 1980s.  

Peters (1994) proposed the Fractal Market Hypothesis (FMH) to model investor 

behavior and market price movements. This approach is as follows:  

i) The market is stable when it consists of investors covering a large number of 

investment horizons, ensuring liquidity for traders.  

ii) The information set is more related to market sentiment and technical factors in the 

short term than in the longer term. As investment horizons increase, longer-term 

fundamental information dominates.  

iii) Prices reflect a combination of short-term technical trading and long-term 

fundamental valuation so that short-term price changes are likely to be more 

volatile, or noisier than long-term trades. The underlying trend in the market is 

more related to changes in expected earnings, based on the changing economic 

environment. There is no reason to believe that the length of the short-term trends 

is related to the long-term economic trend.  

Peters (1994) found that investors with short investment horizons tend to focus on 

technical information and crowd behavior of other market participants. Meanwhile, long-

term investors base their decisions on fundamental information, which emphasize the 

heterogeneity of investors. 

2.1.2 Random walks 

One of the famous non-stationary stock price model examples is a random walk, 

which is also called the “Brownian motion” or “Wiener-Bachelier process”. This has 
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been developed and tested to understand the behavior of stock prices since Louis 

Bachelier (1900) first showed it in his Ph.D. dissertation. The Random walk theory is one 

of the earliest and most enduring models of the behavior of security prices (Lo and 

Mackinlay, 2002). Random walk is a non-stationary process that argues there is no stable 

mean, variance or covariance over time. Therefore, according to the random walk theory, 

the stock price is not predictable. Although the random walk theory has been recognized 

as a landmark of modern financial stochastic models, it was completely neglected for 

decades, and it caused serious disputes on many other methods for describing and 

predicting stock price behavior (Jones and Netter, 2008). The Stock price movement is a 

random walk, which means the current stock price is completely independent of the past 

prices. For example, if this random walk hypothesis is an accurate description of reality, 

then all other technical analysis models will be completely invalid.  

Bachelier (1900) proposed the random walk model to explain the behavior of stock 

price changes based on the assumption that there is no relationship between the current 

stock price returns and the previous prices (Mandelbrot, 1963). In his simple random 

walk model, the successive differences of Z(t+T) – Z(t) are independent, where Z(t) is the 

stock price at time t and T is the time interval. Bachelier shows his theoretical analysis of 

random walk movement of stock price changes by showing that random walks and stock 

price changes have the same normal distribution with zero mean. Alexander (1961) also 

showed that, in speculative markets, price changes appear to follow a random walk over 
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time, although a move tends to persist. Upon testing Kendall’s data, he found the random 

walk hypothesis works for most of the data except for one among 19 series.  

However, some researchers find individual stock price does not follow normal 

distributions (Mandelbrot 1963, Lo and MacKinlay 1988). The total portfolio returns are 

a normal distribution because it is calculated as the sum of individual constituents’ 

weights. If the natural log of Y is normally distributed, then the variable Y has a 

lognormal distribution. There are two characteristics of a lognormal distribution: a lower 

bound of zero and the distribution is skewed to the right (long right tail). Mandelbrot 

(1963) reviewed Bachelier’s random walk model for the stock market and shows that the 

generalization of the random walk model may follow a stable Paretian distribution. 

Mandelbrot and Taylor (1967) summarize four basic stochastic models for the sequences 

of stock prices as a random walk model based on the statistical distribution of stock price 

changes. They consist of the following: 

 The stock price is a random walk, where the stock price changes are independent 

of previous price history. 

 Price changes follow the normal/Gaussian distribution. 

 Price changes follow a stable Paretian law (power-law) with infinite variance. In 

general, Paretian law distribution has been explained for income distribution, but 

Mandelbrot, in early 1963, showed the price changes over a fixed time period are 

approximately independent and followed approximate stable Paretian law 

distribution.  

 Price changes are random walks with a first-order approximation. 
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Paul Samuelson (1965) summarized the random walk hypothesis in his article by 

applying fair game theory. Randomness is achieved when the market is fully efficient and 

rational market participants seek for full profits from the market. If there is any expected 

future profit and the investors can access the information, then active investors will enter 

the efficient market and cause the anticipated prices to fluctuate randomly.   

However, Lo and MacKinlay (1988, 2002) strongly refused the random walk 

hypothesis for weekly stock market returns by applying a variance ratio test, and this 

shows that there is a positive correlation for weekly and monthly holding period returns. 

Lo and MacKinlay (1988, 2002) tested the random walk hypothesis by applying a 

variance ratio test with weekly and monthly index returns, and this reveals the most 

strong rejection of the random walk hypothesis with weekly equal weighted small 

capitalized index returns. The active variance ratio is defined as  
𝜕1

2

𝜕𝑡
2 = [�̅�𝑟(𝑞) + 1], 

where �̅�𝑟(𝑞) is the first-order autocorrelation co-efficient estimator of weekly returns. 

For example, if the active variance ratios = 1.30, this implies the first-order 

autocorrelation coefficient estimator of weekly returns is approximately 30% positive. 

Then, they found that there is a negative correlation result with the individual stocks, 

which implied that individual stock seems to contain non-trading bias. Also, large 

capitalization stocks are more volatile, and the new information is adjusted first into 

large-capitalization stocks. Also, Poterba and Summers (1988) showed stock returns 

show signs of positive autocorrelation over short periods and negative autocorrelation 
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over longer horizons. Conrad and Kaul (1988) characterized the stochastic behavior of 

expected returns on common stock.  

2.1.3 Efficient Market Hypothesis 

One of the basic theories regarding stock price forecasting is the Efficient Market 

Hypothesis (EMH), which asserts the price of a stock reflects all information available 

and everyone has some degree of access to the information. It has been widely believed 

that stock prices react sensitively to macroeconomic fundamentals. As a result, the 

changes in the current fundamental value of the firm will depend upon present value of 

future earnings, which explains the behavior of stock markets in the long-run (Mitchell 

1927, Kondratiev 1925, Kydland 1995). The implication of EMH is that the market reacts 

instantaneously to news and no one can outperform the market in the long run.  

Fama (1965) demonstrated that stock prices were extremely difficult to predict in the 

short run because new information is quickly incorporated into prices. He explained the 

random walk theory as an “instantaneous adjustment” process of a security’s actual prices 

to its intrinsic values, after a disagreement between actual prices and intrinsic values in 

an efficient market. He explained this “instantaneous adjustment” process in an “efficient 

market” as a weakly efficient market. Fama (1965) first defined an “efficient” market as 

one where there are large numbers of rational investors or analysts who compete with 

each other to maximize their profits and where the important current information is freely 

available to all participants. Within this efficient market, competition among the analysts 
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will cause the full effects of new information on intrinsic values to be reflected 

“instantaneously” in actual prices. In Fama’s definition of efficient market theory, the 

actual price of a security already reflects all relevant information, and it will be a good 

estimate of its intrinsic value if it is in an efficient market.  

However, in an uncertain world, the intrinsic value of a security can never be 

determined exactly (Fama 1965). There will be some degree of disagreement among the 

analysts concerning what the intrinsic value of an individual security is, and this will 

cause some variance between actual prices and intrinsic values. Any such disagreements 

will be solved after competing with each other in some random movement. As a result, 

the random walk of successive price changes in individual securities will be independent 

itself. The current price changes are independent of the past prices, because this 

instantaneous adjustment process is caused by new information or the information not 

fully reflected in its actual prices. Fama (1965) also mentioned the random walk 

hypothesis may not present the exact description of the behavior of the stock market, and 

it might not be completely independent from the past. He also believed the random walk 

hypothesis is still acceptable, because the amount of stock price dependency in the past 

will be so small and neglected. In 1970, Fama formalized the concept of EMH by 

presenting three basic models that state that the market is a martingale model and a 

random walk model, or a fair game model. 

It is a big challenge for both fundamental analysts and technical analysts. For the 

fundamental analysts, it will be hard to find undervalued or overvalued securities in an 
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efficient market. With regard to technical analysts, it will be more challenging to predict 

future price movement from past stock price data, because the random walk hypothesis 

states successive price changes are independent and thus the past cannot predict the 

future. One of Fama’s most important contributions is to initiate the modern risk analysis 

concept by proposing that analysts compare the portfolio performance to a random 

selection procedure, which randomly chooses a security of the same general riskiness at 

the same time as analysts decide to enter the investment market. In addition, Fama 

suggests that the analysts choose the random selection of a risky security if they do not 

have any new information that is not fully reflected in the current market price or insights 

concerning the market effects. 

Fama (1991) also explains that the lower the transaction costs in a market, such as the 

costs of obtaining information and trading, the more efficient the market will become. 

American stock markets are considered relatively efficient. The reliable information 

about firms in the US is relatively cheap to access due to mandated disclosure and 

advanced information technology. Jones and Netter (2008) explained that efficient 

market theory is still useful in shorter horizons, such as days, weeks, or months to 

investigate the directions of stock price change, and as a benchmark, although prices may 

take long, slow swings away from fundamentals. 

However, some researchers found serious challenges to the efficient market 

hypothesis, especially in the long-term returns. Shiller (1981) argued that stock index 

returns are overly volatile relative to aggregate dividends. The stock prices move too 
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much to be justified by subsequent changes in the dividends. Debondt and Thaler (1985) 

found a mean reversion process in the long-term returns: the prices of stocks that had 

performed relatively well over three to five year horizons tended to revert to their means 

over the subsequent three to five years, resulting in negative excess returns. The prices of 

stocks that performed poorly tend to revert to their means, and this results in producing 

positive returns.  

2.2 Portfolio Strategy – Pair Trading  

Pair trading strategy was pioneered in the 1980s by a group of Quants at Morgan 

Stanley. This approach is based on the concept of the Law of One Price (Lamont and 

Thaler, 2003). For example, if two stocks have the identical payoff in every state of 

nature, they must have the identical current value by the Law of One Price (Gatev et al. 

2006). The basic concept of pairs trading strategy is that similar assets may have similar 

and consistent trading patterns. Therefore, the spread of two stock prices should have a 

stable and long-term equilibrium over time. Gundersen (2014) extended the example of 

identical payoffs to the situation where the payoffs are very similar but not identical. In 

such a situation, the prices of the stocks should also be similar. If there is a temporary 

deviation from this relative pricing relationship, it should be possible to generate a profit 

when the deviation is corrected by taking the temporary deviation position.  

The Pair trading strategy is an equity market neutral strategy using statistical 

arbitrage that matches a long position and a short position, while trying to profit from the 
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principles of mean-reversion processes. As described by Guthrie (2006), equity market 

neutral strategy takes one long position with another short position to reduce the risk by 

neutralizing exposure to the market while capturing a positive return, regardless of the 

market’s direction. The equity market neutral strategy takes the profit from temporary 

equity market inefficiencies, and this is in direct opposition to the efficient market 

hypothesis. If the U.S. equity market were efficient at all times, the risk-adjusted returns 

from pairs trading should not be positive (Gatev et al., 2006). The basic assumption, in 

pair trading strategy, is that anomalies in relative stock valuation occur in the short term 

and that these anomalies correct themselves in the long term.  

There are two basic approaches to equity market neutral strategy: statistical arbitrage 

and fundamental arbitrage. Statistical arbitrage involves model-based, short-term trading 

using quantitative and technical analysis to detect profit opportunities from a statistical 

mispricing of one or more assets based on expected values of these assets. Fundamental 

arbitrage is mainly fundamental and less quantitative than statistical arbitrage. The 

fundamental factors include valuation ratios (e.g., price/earnings, price/cash flow, 

price/EBIT (Earnings Before Interest and Tax), price/book, discounted cash flows, return 

on equity, operating margins and other indicators (Guthrie, 2006). Therefore, portfolio 

turnover with fundamental arbitrage is generally lower than statistical arbitrage as the 

signals are stronger and change is less frequent. Pair trading strategy typically uses 

statistical arbitrage, and the position sizes can be weighted to achieve dollar, beta or 

volatility neutrality.  
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Gatev et al. (1999, 2006) tested a simple pairs trading strategy with a minimum 

distance between normalized historical prices, and they found a simple trading rule yields 

average annualized excess returns of up to 11% for self-financing portfolios of pairs. 

They built the pairs trading strategy model as an equilibrium asset pricing framework 

with non-stationary common factors based on the space of normalized, cum-dividend 

prices, which means the cumulative total returns with dividends reinvested. If the long 

and short components fluctuate with common non-stationary factors, then the prices of 

the component portfolios would be co-integrated and the pairs trading strategy would be 

expected to work. Gatev et al. (2006) find highly correlated pairs come from the same 

industry sector, because they each face similar systematic risks.  

2.3 High-Frequency Trading 

High-frequency trading (HFT) is a type of algorithmic and quantitative trading that is 

characterized by short holding periods and the shortest transaction time in terms of a 

millisecond or microsecond. Instead of trading via human interactions, sophisticated and 

powerful computing methods have been applied to trade securities rapidly (Miao 2014).  

HFT has played a significant role in the financial market. HFT dominated about 78% 

of trading volume in 2009 with increasing stock price volatility (Zhang 2010). Many 

financial industry members claim that HFT substantially increases the market liquidity 

and reduces the investing cost. After studying that HFT contributed to the volatility on 

May 6, 2010, some researchers claim that there is a positive correlation between HFT and 
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stock price volatility (Zhang 2010). For securities, the higher volatility increases the risk 

and the dispersion of returns associated with the investment. As the volatility rises, less 

decision-making time is permitted (Andersen et al. 1997). Simple algorithms using 

statistical arbitrage have been applied to HFT to make the fastest trading decision. 

Statistical arbitrage is a situation where there is a statistical mispricing of one or more 

assets based on the expected values of these assets using historical or predicted mean, 

such as a market neutral strategy, long and short strategies, etc (Miao, 2014).  

The emergence of HFT brings several challenges with its speed (MacKenzie & Millo, 

2003). HFT is a type of algorithmic and quantitative trading that is characterized by short 

holding periods, specifically the use of sophisticated and powerful computing methods to 

trade securities rapidly, aiming to capture small profits and/or fractions of a cent of profit 

on every short-term trade (Miao, 2014). Unlike the daily data used in traditional 

investment analyses, the intra-day data in HFT is much more voluminous, and it can be 

irregularly spaced (Aldridge, 2009). The relationship between HFT and big data is 

crucial, because the material features of the technology, coupled with the trading 

algorithms in the software, help to define how decisions are made in the financial markets 

(Angel & McCabe, 2010). HFT analysis requires new tools and methodologies.  

Miao (2014) proposed a high frequency and dynamic pairs trading system based on a 

market neutral statistical arbitrage strategy using a two-stage correlation and 

cointegration approach. This would identify stock pairs that share long-term equilibrium 

relationships. Miao applies the method of separating a dataset into training (in-sample) 
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and testing (out-of-sample) datasets referred to as the holdout method in statistical 

classification. A training period was preselected to measure the correlation, and 

cointegration tests based on the in-sample training period were used to find the pairs. 

Next, a testing period would follow to test the performance of the pairs trading during the 

out-of-sample testing period. In this study, the cumulative net profit was 56.58%, with an 

average monthly return of 3.82% and a standard deviation of 1.40%. These results are 

based on the proposed pairs trading system during 12 months of the out-of-sample test 

periods.  

Kishore (2012) examined how the performance of high-frequency pairs trading 

strategies is impacted by the allocation within the pair, opening and closing thresholds, 

restriction to daily trading, and transaction costs. The result is a dynamic model for 

estimating the spread of a pair, which is more suitable for HFT compared to a static 

model.  

Loveless et al. (2013) published online algorithms for HFT applications that extended 

from Exponentially Weighted Moving methods. In HFT, the biggest challenge comes 

with its large amounts of data every microsecond. With an online algorithm, new input 

variables are received sequentially and a decision process is required after each new 

input. HFT algorithms need to guarantee a fast reaction time and efficient memory 

handling. Loveless et al. (2013) suggested the class of one-pass algorithms for HFT 

applications, which receive one data point at a time, and update a set of factors using the 

data before discarding it. However, these algorithms only keep the updated factors after 
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each update. Loveless et al. (2013) presented the efficient online one-pass algorithms by 

improving the online algorithms: online mean algorithm, online variance algorithm, and 

online regression algorithm. One-pass algorithms read every input variable exactly one 

and then discard it. We will discuss one-pass algorithms in detail in the next chapter. 

2.4 Material Contracts 

In the Securities and Exchange Commission (SEC) regulations, the term “material” is 

used when the disclosure is expected to substantially influence investment decisions of a 

reasonable investor (Li 2008). Through a variety of federal regulations, the SEC requires 

that firms disclose their material contracts in the Exhibit 10 area of their current, annual, 

and quarterly reports (e.g. 8-K, 10-K, 10-Q, etc.) (Kondo, 2011). The SEC defines 

material contract as follows: “Any contract upon which the registrant's business is 

substantially dependent, as in the case of continuing contracts to sell the major part of 

registrant's products or services or to purchase the major part of registrant's 

requirements of goods, services or raw materials or any franchise or license or other 

agreement to use a patent, formula, trade secret, process or trade name upon which 

registrant's business depends to a material extent” and “Any contract calling for the 

acquisition or sale of any property, plant or equipment for a consideration exceeding 15 

percent of such fixed assets of the registrant on a consolidated basis” are considered 

material (Appendix C).  
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In 1983, the Securities and Exchange Commission (SEC) in the United States began 

to develop the EDGAR (Electronic Data Gathering, Analysis, and Retrieval) electronic 

disclosure system to help investors access the public documents from the financial and 

operational performance of all publicly-owned companies. After the initial successful 

prototyping and testing, the Commission mandated electronic filings in 1994. In 1999, 

the EDGAR database included 1.7 million documents, and it now consists of 20 million 

filings. The clear majority of documents are now filed electronically with an excess of 

5,000 filings per day. The size of one yearly report filing easily goes past 1MB and often 

exceeds 10MB. Although access has been generally improved, the ability to 

automatically analyze these filings is limited due to the size of documents that each filing 

contains and their unstructured or semi-structured nature. Most of the collected data, such 

as company financial statement documents and images, is either unstructured or semi-

structured.  

Research on material contracts is very limited (Ackerman 1988). While most research 

focused on the timing of firms’ financial information disclosure, some researchers 

considered the timing of material contract disclosure. Consequently, there is very limited 

research focusing on material contracts. Early research has focused more on the 

relationship between the timing of financial data disclosure, and these include the filing 

of the current reports known as SEC Form 8-K, and market reaction.  

Material contracts are one of the most important contracts in business. Specifically, 

material contracts in nature contain relevant information about future earning innovations 
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that reduce the uncertainty regarding future operating results and they are likely to 

contain highly proprietary information (Li 2008). They are particularly useful 

information to the companies when analyzing contractual relationships among firms.  

Pastena (1979) found that there are some significant abnormal market returns 

regarding the filing of SEC Form 8-K reports that disclose the non-routine material 

events. Carter and Soo (1999) also investigate the relationship between timelines of Form 

8-K reports and the market reaction to Form 8-K filings. Then, they find significant 

market reaction is positively related to shortening the 8-K filing period.  

McLelland (2003) investigated different types of disclosure and finds that the relative 

trading activity to Form 8-K filings is different by the type of the disclosure. He finds that 

differential trading activity is more pronounced in disclosure settings with a public 

announcement. Li (2008) explores the determinants and the implications of capital 

market for firms to choose a certain disclosure type, which is Form 8-K, along with the 

disclosure timing of non-routine information in material contracts. 

In 2009, Li and Ramesh found a significant market reaction surrounding quarterly 

periodic reports disclosure when these periodic reports include earnings information for 

the first time. Li (2013) extended his previous work to investigate the conditions on 

which firms accelerate material contracts filing, and he discovered firms accelerate 

contract filings when forward-looking disclosure could lack credibility or when facing 

high litigation-risk. Although accelerated filing of material contracts is different from 
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other well-documented forward-looking disclosures, Li stated firms alternately choose 

this method to communicate their future prospects to investors, and the disclosure of the 

entire contract is made only through the SEC filings. However, he leaves the direct 

analysis of material contracts open to future work. Li indicated that material contracts are 

not homogeneous, and it is difficult to identify, measure, and control material contracts as 

information content. This research considers material contracts as a single entity 

influencing an investment decision.  

Verrecchia and Weber (2006) considered firms’ decision to redact proprietary 

information from material contracts extracted from the hand-collected 450 firms in the 

fiscal year 2001. From this investigation, they discover that firms with a higher adverse 

selection component of the bid-ask spread, lower quoted dollar depths, and lower 

monthly turnover tend to redact information from their material contract filings.  

Nini et al. (2009) investigated the interests of both creditors and borrowers extracted 

from 3,720 private credit agreements between banks and publicly traded US corporations. 

They found that conflict interests between creditors and borrowers have a significant 

impact on firm investment policy.  

Kondo (2010) investigated contract vagueness and renegotiation rates from 2,200 

material contracts and develops the model that finds the optimal contract vagueness that 

allows for renegotiation. This research still uses a limited small sample of material 

contracts to extract the information. Although it is challenging to extract and analyze 
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material contract as information, it is clear that material contract is the most important 

source to analyze the entire business operation. 

2.5 Big Data Analytics 

The term “big data” was first used with its currently understood context in the late 

1990s and the first academic paper was published in 2003 by Francis X. Diebold – “Big 

Data Dynamic Factor Models for Macroeconomic Measurement and Forecasting” (Dean 

2014). Big data analytics is “where advanced analytic techniques operate on big data sets 

(Russom 2011)”. Although small set of data have been analyzed, big data bring new 

opportunities for discovering useful knowledge from hidden patterns, which are 

heterogeneities that are not possible with small-scale data. The big challenges of big data 

come from the explosion of available information due to the characteristics of big data 

such as large-volume, high dimensionality and high speed (Fan et al. 2014).  

With the evolution of technology and an increased data flow, there have been raised 

requests for faster and more efficient ways of analyzing the big data, which is too big to 

be analyzed easily with existing or traditional data management and analysis techniques 

(Elgendy and Elragal 2014). Therefore, new tools and methods specialized for big data 

analytics are needed. The research associated with big data analytics is reflected in three 

main areas: big data storage and architecture, data and analytics processing, and finally, 

big data analysis, which can be applied for knowledge discovery and informed decision 

making (Elgendy and Elragal 2014).  
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The solutions to big data storage and management are closely related to new database 

models, which differ from the traditional models of data storage such as relational 

databases, data marts, and data warehouses. There are three different database models 

studied: distributed system and parallel processing databases such as Hadoop (Herodotou 

et al. 2011), non-relational databases such as NoSQL, and in-memory databases (Elgendy 

and Elragal 2014). First, the distributed system and parallel processing databases are 

developed for providing high query performance and platform scalability (Elgendy and 

Elragal 2014).  

Hadoop consists of two main components: the Hadoop Distributed File System 

(HDFS) for big data storage, and MapReduce for big data processing. The HDFS is a 

redundant and reliable distributed file system, which is optimized for large files, where a 

single file is split into blocks and distributed across cluster nodes (Elgendy and Elragal 

2014). Herodotou et al. (2011) suggested Starfish, a self-tuning system for supporting big 

data analytics that is still based on Hadoop but it incorporates special features trying to 

achieve higher performance by means of adaptive metaphors.  

Second, non-relational databases (NoSQL) are developed for storing and managing 

unstructured or non-relational data (Cattell 2011). The main goal of NoSQL databases is 

to support for massive scaling, data model flexibility, and simplified application 

development and deployment. NoSQL databases separate data management and data 

storage to focus on high-performance scalable data storage. They also allow data 
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management tasks to be written in the application layer instead of having it written in 

database specific languages (Bakshi 2012).  

On the other hand, in-memory databases manage the data in server memory and 

enable real-time responses from the database by eliminating disk I/O. Krueger et al. 

(2011) proposed the column-oriented in-memory database to improve the performance, 

especially to speed for discovery analytics. This kind of databases sometimes allows 

entirely new applications to be developed (Russom 2011). 

Big data processing is another research area associated with big data analytics. 

Hadoop MapReduce is the most popular big data processing engine based on a parallel 

programming with “Map” and “Reduce” functions. The Hadoop MapReduce framework 

utilizes a distributed file system to read and write its data. Several studies (Dittrich et al. 

2010, Jiang et al. 2010) have provided recommendations for further improving the 

computational capabilities of Hadoop, whereas Abouzeid et al. (2009) propose 

HadoopDB, a hybrid architecture that combines MapReduce and traditional DBMS 

technologies, for supporting advanced analytics over large-scale data repositories.  

According to He et al. (2011), there are four requirements for big data analytics 

processing in distributed systems: (1) fast data loading, (2) fast query processing, (3) 

highly efficient storage space utilization and (4) strong adaptivity to highly dynamic 

workload patterns. After examining commonly accepted data processing methods, such 

as row-stores, column-stores, and hybrid-stores, He et al. (2011) suggested RCFile 
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(Record Columnar File) should be well optimized to meet big data processing 

requirements and to efficiently leverage merits in a MapReduce environment. Ji et al. 

(2012) introduced MapReduce optimization strategies and applications in cloud 

computing environments, while Dittrich et al. (2012) introduced efficient MapReduce 

strategies from job optimization to physical data organization. Chen et al. (2012) 

proposed an interactive analytical processing in addition to the large, long-running batch 

jobs for which MapReduce was originally designed.  

While traditional data analytics refers to data mining and statistical analysis to find 

solutions (Chen et al. 2012), big data analytics is the process of applying algorithms to 

analyze large datasets or streams of data. It will also extract useful and unknown patterns, 

relationships, and information that, due to its volume, variability, and velocity, were 

previously not possible to obtain (Elgendy and Elragal 2014).  

As of today, people wish to understand the meaning of the data to support them in 

making decisions properly rather than only collecting data. Machine learning algorithms, 

such as association rules, clustering, classification, and decision trees, have been widely 

applied to big data analytics. Bifet et al. (2010) proposed Massive Online Analysis 

(MOA), which is an open-source framework to analyze massive evolving data streams in 

real time. MOA is related to WEKA (Waikato Environment for Knowledge Analysis), 

which contains implementations of a wide range of batch machine learning methods.  
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Social Network Analysis (SNA) has been applied to big data analytics to find 

relationships among social entities, as well as the patterns and implications of such 

relationships. Text mining is used to analyze documents or sets of documents in order to 

understand the content and the meaning of the information stored. This approach has 

become more important, because the major part of big data is the unstructured format. 

Sentiment analysis uses natural language processing to analyze and understand emotions 

from subjective text patterns, and this involves finding words that can indicate the 

sentiment and relationships between words.   

2.6 Social Network Analysis and Social Network Analysis Techniques 

Social Network Analysis (SNA) is a strategy for investigating social structures using 

network and graph theories (Otte et al. 2002). In SNA, characterized with networked 

structures, a node represents an actor and an edge (undirected) or an arc (directed) which 

connects these nodes represents a relationship between them. SNA includes graph 

theoretic concepts such as density, degree, path, components and clustering coefficient. It 

also includes network characteristics such as degree distribution, path distance 

distribution, clustering coefficient distribution, giant component, and community 

structure. 
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2.6.1 Centrality 

The most important measure in SNA is centrality, which aims to quantify the 

importance or influence of an individual in the network based on its network position. 

There are many centrality measures including degree centrality, closeness centrality, 

betweenness centrality, eigenvector centrality, etc. Network level degree centrality can be 

calculated to check how much variation there is between the nodes and the normalized 

degree centrality. For example 

 
𝐶𝐷 =

∑ [𝐶𝐷(𝑛∗) −𝑛
𝑖=1 𝐶𝐷(𝑖)]

[(𝑁 − 1)(𝑁 − 2)]
 

 
2-1)  

   

where 𝐶𝐷(𝑛∗) is the maximum value of degree centrality in the network. 

Betweenness centrality can be calculated to check how many pairs would have to go 

through in order to reach one another in the minimum number of hops. The normalized 

betweenness centrality is as follows: 

 

𝐶𝐵(𝑖) =
∑

𝑔𝑗𝑘(𝑖)

𝑔𝑗𝑘
𝑗≠𝑘

[
(𝑁−1)(𝑁−2)

2
]
  (2-2) 

where 𝑔𝑗𝑘(𝑖) = the number of shortest paths connecting jk passing through i and 𝑔𝑗𝑘 = 

total number of shortest paths.  

Closeness centrality is based on the length of' the average shortest path between a vertex 

and all vertices in the graph and calculated as follows:  

 

𝐶𝑐(𝑖) =
[∑ 𝑑(𝑖,𝑗)]𝑁

𝑗=1

−1

(𝑁−1)
  (2-3) 

where 𝒅(𝒊, 𝒋) is the distance from i to j. 
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2.7 Business Analysis with Social Network Analysis 

Firms do not exist independently, but they interact with each other through many 

different types of contracts. SNA has emerged as a key technique that can be applied 

everywhere. It is proven to be a strategy for investigating social structures using network 

and graph theories (Otte et al. 2002), and it also provides measurements for quantifying 

relationships within complex networks (Kao 2015). SNA is especially useful when a 

human has the limited cognitive capacity and the relationships to analyze are large and 

complex.  

The network model in business studies was originally observed in the output from the 

functioning of business markets in the mid-1970s, and it addressed the propositions of 

adopting a network model to the field of strategy management (Håkan and Snehota 

1986). Håkan and Snehota stated that the main concern of business strategy is to 

understand what makes a business organization effective in its environment and to 

explore the business processes required to enhance this effectiveness. The study on 

business strategy has been started with individual attributes, such as business 

performance, internal business processes, and the organization’s learning and growth 

activities. Later, it has shifted to a more relational perspective considering its surrounding 

environments (Hansen and Wemerfelt 1989, Kaplan and Norton 1992, Lipe and Salterio 

2000).  
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Recently, in the field of Supply Chain Managements (SCM), the network model has 

been actively considered by importing concepts from SNA (Borgatti and Li 2009, Choi 

and Kim, 2008, Kim et al. 2011). When firms are viewed as a node in a network, any 

given link can be interpreted in two ways: i) a directed relationship between supplier and 

customer followed by the flow of material or value and ii) an undirected relationship 

associated with a contract (Kim et al. 2011). Although Borgatti and Li (2009) discussed 

the benefits of adopting SNA to SCM and although interest in the concepts of SNA is 

growing in SCM, there is still relatively little empirical study of real supply networks 

(Schilling and Phelps 2007, Kim et al. 2011, Kao et al, 2015).  

Kim et al. (2011) tested network level analytical concepts (i.e., network density, 

centralization, and core-periphery) of SNA with two types of supply networks (directed 

material flow network and undirected contractual relationship network) based on 

automotive supply networks from the previous work in Choi and Hong (2002). They 

demonstrate how roles of individual supply network members vary depending on their 

relative structural position in the automobile networks. In addition, the social network 

analysis results are consistent with Choi and Hong’s results (2002).  

Schilling and Phelps (2007) demonstrated undirected alliance networks based on 

firms’ alliance contracts and investigate the relationships between a firm’s performance 

in terms of a firm’s innovation (patents) and the firm’s network structures adopting SNA. 

They find that firms with high clustering and high reach, a derivative of closeness, will 

have greater innovative output.  
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Osman (2015) stated that supply networks do not have decentralized network 

structure, but they have a centralized network structure due to the existence of the focal 

firm, which may influence the impact of relational capital outcomes. Based on this 

statement, he investigates how the firm’s network structural positions will influence firm 

level relational capital outcomes in the centralized upstream supply network. He tested 

betweenness centralities from several different influence networks: contract tie network, 

information-sharing tie network, a referral made tie network, and a referral received tie 

network. Osman finds that the influential firms of the network are also the nodes or firms 

having the highest embeddedness scores based on betweenness centrality and the highest 

influence scores.   

Most of the research in SCM focuses extensively on firm-level effects of dyadic 

supplier – buyer relationships (Lanier et al., 2010). Lanier et al. (2010) extended this 

dyadic supplier-buyer relationship to the 3-firm supply chain, supplier-seller-buyer, and 

find that 3-firm supply chains achieve superior financial performance. However, in this 

study, Lanier et al. used a small sample of 492 chains over a period of 27 years (1980-

1996, 1997-2008) which results in inconsistent results and low regression analysis.  

Kao et al. (2015) adopted Lanier et al. (2010)’s previous 3-firm supply chains to 

investigate SNA measures of supply network structure and 3-firm supply chain 

productive efficiencies. They showed that the ideal network structure for a supply chain’s 

productive efficiency would have a low level of closeness centrality simultaneous with 

higher levels of betweenness centrality and connectedness. Kao et al. (2015) used more 



 

37 

 

concentrated completed financial data from all US firms reporting in 2005-2012. These 

findings of closeness are quite a contrast to Schilling and Phelps’ (2007) result. However, 

Kao et al. explained that this closeness/betweenness trade-off concerns the benefit of 

‘structural holes’ between suppliers: “closing such a hole by linking two suppliers lowers 

the symmetric betweenness of their buyer but does not lower the buyer’s closeness score, 

creating a net negative impact of productive efficiency, all other factors being equal” 

(Kao et al. 2015). As a result, Kao et al. confirmed that a firm’s innovation and efficient 

production are very different processes. Both Osman (2015) and Kao et al. (2015) found 

that there are positive relationships between betweenness centrality and firms’ 

performance.  

Cohen and Frazzini (2008) found a predictable return across the customer-supplier 

links and refer to this return predictability as ‘Customer Momentum’. Customers 

represented stakeholders in the supplier firms based on the dyadic relationships from 

customer-supplier links. According to Cohen and Frazzini, the customers’ stock price 

returns in the previous month will forecast the suppliers’ stock price returns in the current 

month with investors’ limited attention. Consistent with investors’ limited attention to 

company links, there is a predictable lag in reacting to the new information about firms’ 

trading partners. Fewer investors account for the company links and more significant 

predictable returns. There are two conditions to test for the investor’s limited attention: (i) 

any information needs to be available to the public before prices evolve, and (ii) the 

information needs to be salient information. In order to test return predictability, they test 
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the correlation between the returns of linked firms and returns of the partner firms’ 

portfolios. The Portfolio Strategy is to buy the securities of firms whose customers had 

the most positive returns (highest quintile) in the previous month, and sell the securities 

of firms whose customers had the most negative returns (lowest quintile). Then, positive 

abnormal returns following positive customer returns indicate the presence of customer 

momentum with a zero-cost long-short investment rule. Using this approach, they find 

that return predictability is significantly more (less) severe where inattention constraints 

are more (less) likely to be binding. In addition, there is significant predictability only 

when two firms are linked as a customer-supplier, but there is no predictive relationship 

when they are not linked. This thesis poses a question that is very similar to Cohen’s. 

Instead of considering a dyadic customer-supplier link, we are going to investigate the 

relationships between a firm’s structural position and its stock performance.  

More researchers have studied the business financial or economic relationships 

among firms with their influences on the stock market (Ozsoylev et al. 2014, Cohen 

2008). Ozsoylev et al. (2014) presented an investor network to investigate what 

determines the heterogeneous trading behavior and performance of individual investors in 

the stock market, based on the idea that investors who have more diverse information 

outperform those who are less informed (Hellwig 1980). They found the investor’s 

trading behavior and the profitability of individual investors are influenced by their 

position in the network. Investors who are centrally placed in a network tend to receive 

information early, whereas investors who are in the periphery tend to receive them much 
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later. The investor’s inattention to the partner companies, especially customers, results in 

future returns that indicate customer momentum. Identifying the underlying contract 

network in the business operations proves to be a major challenge.  

Birgisson and Porter show how supply chain information with historical stock prices 

can provide a successful stock trading strategy (Birgisson & Porter 2015). The key 

hypothesis is that strong performance of the company’s stock price suggests the 

company’s suppliers’ stock prices will follow. This is based on the idea that the 

customer’s improved fortune will result in the increased purchase of raw materials, 

equipment, or services from their suppliers. Contrarily, the declined company’s stock 

price will result in reduced purchasing, and it will negatively affect the price of a 

supplier’s stock. With regard to their hypothesis, Birgisson and Porter built stock trading 

portfolios with a predictive quantitative indicator for the supplier company’s stock prices 

based on the performance of their significant customers and simulate the performance of 

those portfolios.  

Gau et al. (2015) found that economically unrelated stocks that have common 

institutional owners have higher predicted returns: an average of over 19 bps (Basis point 

refers to a common unit of measure in finance. One basis point is equal to 0.01%) per 

week (with a t-statistic above 5) and annualized average return of nearly 10%. Although 

economically unrelated stock pairs have low earnings caused by low correlations, they 

found that the return predictability among economically unrelated stocks is significantly 
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higher when the Russell indexes are reconstituted. This is due to more intense 

institutional portfolio readjustments based on common ownerships. 

2.8 Statistic Regression Approach 

Li and Ramesh (2009) developed a statistical multiple regression model to jointly 

examine the market reactions to periodic filings and earnings announcements. This is 

meant to investigate the relationship between market reactions and the firm’s periodic 

reports disclosure, as follows: 

 

D𝑉𝑖𝑡 = 𝛼 + ∑ ∑ ∑ ∑ 𝛽𝐸𝑣𝑒𝑛𝑡,𝑃𝑒𝑟𝑖𝑜𝑑,𝑆𝐵,𝐷𝑎𝑦 ∙ 𝐷𝑢𝑚𝑚𝑦𝑖𝑡
𝐸𝑣𝑒𝑛𝑡,𝑃𝑒𝑟𝑖𝑜𝑑,𝑆𝐵,𝐷𝑎𝑦

+ 𝜀𝑖𝑡

+5

𝐷𝑎𝑦=−5𝑆𝐵𝑃𝑒𝑟𝑖𝑜𝑑𝐸𝑣𝑒𝑛𝑡

 (2-4) 

 

where DV is a measure of daily stock price reaction and the independent variables are six 

types of information events, two categories of reporting periods (interim versus fourth 

quarter), two levels of registrant type as in Griffin (2003) (SB versus non-SB), and 11 

event-days (-5 to +5).  

Previous research suggests that the nonparametric rank tests are better specified and 

more powerful than the parametric t-tests for detecting abnormal daily returns and trading 

volume (Corrado 1989, Campbell and Wasley 1996, Carter and Soo 1999). Li and 

Ramesh defined DV as Z-transformation ranking scores calculated from the daily 

absolute value of excess returns to obtain certain distributional properties. Next, the daily 

absolute value of excess returns is calculated as the daily absolute value of raw returns 

minus the value-weighted CRSP market returns (Blom 1958).  



 

41 

 

In order to normalize the stock price, Z-score has been the most frequently used 

method (Scinto & Hardin 2009, Li and Ramesh 2009). 

 
 𝑍 𝑖 =

𝑋𝑖 –  𝜇𝑖

𝜎𝑖
 (2-5) 

𝑍 𝑖 represents the original Z-score for stock i. 𝜇𝑖 is the arithmetic mean of the factor 

over every stock, 𝜎𝑖 is the standard deviation of the factor over every stock, and 

𝑋𝑖 denotes the actual factor value for stock i. Li and Ramesh applied the Standardized 

Absolute Excess Returns (SAER) from Griffin (2003) to the stock return measure:,  

 
𝑆𝐴𝐸𝑅𝑖𝑡 =  

|𝑒𝑟𝑖𝑡|

𝜎(|𝑒𝑟𝑖𝑡|)
 

(2-6) 

 

where  |𝑒𝑟𝑖𝑡| = absolute value of excess returns calculated as the raw return of firm i for 

day t minus the value-weighted CRSP market return for day t; and σ(|𝑒𝑟𝑖𝑡|) = standard 

deviation of the absolute value of excess returns of firm i over a ten day estimation period 

adjoining the event period -5 to +5.  

Verrecchian and Weber (2006) applied the bid-ask spread for each firm suggested in 

Glosten and Harris (1988) to reflect any material contract disclosures in the fiscal year 

2001 SEC reports. The purpose of this practice is to investigate when the firms are more 

likely to redact their proprietary information. Next, they test the following regression 

model for each firm: 

 △ 𝑃𝑟𝑖𝑐𝑒𝑡 =  𝐶0 △ 𝑄𝑢𝑜𝑡𝑒𝑡 − 𝐶1 △ 𝑄𝑢𝑜𝑡𝑒𝑡𝑇𝑟𝑑𝑠𝑖𝑧𝑒𝑡 + 𝑍0𝑄𝑢𝑜𝑡𝑒𝑡 +  𝑍1𝑄𝑢𝑜𝑡𝑒𝑡𝑇𝑟𝑑𝑠𝑖𝑧𝑒𝑡 + 𝜀 (2-7) 
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where  𝑃𝑟𝑖𝑐𝑒 = observed transaction price, 𝑇𝑟𝑑𝑠𝑖𝑧𝑒 = number of shares traded in the 

transaction at time t, and 𝑄𝑢𝑜𝑡𝑒 = an indicator that is equal to +1 if the quote is classified 

as buyer initiated and -1 if the transaction is seller initiated. 
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Chapter 3 High-Frequency Trading 

High-Frequency Trading (HFT) data is “Big data”. HFT is observed in financial 

variables taken in a millisecond or microsecond transaction-by-transaction, and they are 

irregularly spaced over time (Zivot 2005, Engle 2000). HFT has emerged with the 

employment of algorithmic trading that involves the use of advanced computer 

technologies to optimize trade execution through the reduction of transactions impacts 

(Merli et al. 2014). Previous research has shown that HFT data possesses unique features 

absent in data measured at low frequencies (Kishore 2012, Miao 2014, Leung and Li 

2014). The characteristics of HFT are its high velocity and being irregularly spaced over 

time, which is transaction-by-transaction data. The extremely short transaction time 

causes a large amount of missing information to be captured. High-frequency stock 

trading data is known as “Big data” due to its high velocity, high volume, and complex 

semi-structured format. Although various studies have been conducted in relation to 

HFT, there are many challenges with its high velocity and complex structures that have to 

be solved.  

Understanding HFT stock data proves to be a big challenge in modeling statistical 

analysis. This is due to its high velocity and volume, erroneous observations and 

irregularly spaced time series with random daily numbers of observations. Given the 

challenges pertaining to analysis of big HFT data and diversity of HFT analysis needs, it 

is strategic to develop a specialized data analytics system that incorporates a range of 
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methods or components targeting the HFT data analytics pipeline—i.e. HFT data 

extraction, cleaning, integration, and analysis. Furthermore, it is important that users of 

the HFT data analytics system can perform their analytical tasks without the need to 

acquire a deeper understanding of the underlying technical methods.  

In this research, we provide a flexible and efficient HFT data analytics system that 

provides the functions of data extraction, cleaning, integration, analysis and forecasting 

of future stock price. Our research will improve the traditional mean-reverse strategy, one 

of the well-known strategies performed in a lower frequency trading, to apply to HFT. 

The SNA techniques have been applied to build a new dynamic pairs trading strategy. 

3.1 General overview of HFT  

HFT has grown substantially over the past 10 years. Zhang (2010) found that 78% of 

the trading volume in US capital markets is due to high frequency trading. According to 

the Congress Research Service in the Federation of American Scientists in 2016 [143], 

HFT accounts for roughly 55% of the trading volume in U.S and roughly 80% of foreign 

exchange futures volume. HFT has begun to play a significant role in the market. Since 

HFT has a short holding period of several seconds to hours, HFT requires faster decision 

algorithms that can detect any tradable market irregularities during a day. Therefore, our 

research topic is to develop a new dynamic HFT system that provides functions to 

support low latency trading algorithms. 
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The typical objectives of HFT are to benefit from market liquidity imbalances or 

small pricing inefficiencies (Merli et al. 2014). Pairs trading strategies use statistical 

arbitrage that takes profits from mispricing of one or more assets based on expected 

values of these assets. Our initial idea is to study a pairs trading strategy for HFT that 

could detect small pricing imbalances and take profits from them.  

Pair trading strategies can be explained by the Law of One Price (Lamont and Thaler, 

2003). The Law of One Price states that identical goods must have identical prices. We 

can extend this idea to time series market price data. If two stocks have identical payoffs 

in every state of nature, they must have identical current values by the Law of One Price 

(Gatev et al. 2006). Therefore, similar stocks may have similar and consistent trading 

patterns over time and the spread of two stock prices should have a stable and long-term 

equilibrium. Finding similar stocks or pairs is the preliminary research question in pairs 

trading.  

However, the traditional static pairs trading model is not applicable for estimating the 

spread of a pair in HFT, because it may be infeasible to exploit long-term market 

phenomena such as co-integration of assets on an intraday basis (Kishore 2012). Kishore 

(2012) tested a static pairs trading model and found that the number of opening and 

closing positions in a pair trading process was less than 10 in a year, and 

some positions were held open for longer than a month. Due to the short holding periods 

of HFT, a dynamic approach to estimate the spread of a pair is more suitable for HFT.  
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The correlation method searches for short-term relationships between pairs (Miao, 

2014). Correlation is a statistical term derived from linear regression analysis, which 

describes the strength of a linear relationship between two variables. However, the 

correlation method is not enough to ensure long-term stable relationships. We first adopt 

the correlation approach to find the potential pairs based on short term relationships of 

prices. We then adopt a Social Network Analysis (SNA) approach to find out who is the 

most significant member among those potential pairs. We build a new hypothesis: the 

performance of the central stock is an indicator of the performance of peripheral stocks. 

SNA provides a way of quantitatively analyzing relationships or patterns of interaction 

among members in various kinds of networks. We now extend the static pairs trading 

model from finding long-term similar pairs to finding the significant and similar pairs 

that perform the most significant role among those similar pairs by adopting the SNA 

approach.  

Since the correlation approach is usually unstable in a long-term relationship, we 

build a dynamic HFT temporal network based on a set of short-term temporal windows. 

Our new dynamic HFT temporal network extends the short-term correlation approach to 

define the long-term relationship from a set of short-term relationships. We develop a 

dynamic pairs trading algorithm that adopts the SNA approach. Our dynamic pairs 

trading algorithm consists of two processes: a learning process to find the significant and 

similar pairs from our new dynamic HFT temporal network by adopting SNA approaches 
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and secondly a decision process to dynamically estimate the spread of a pair to support 

real time trading decisions. 

In order to successfully realize our approach, first, we need to define the elements of 

a dynamic HFT temporal network in terms of SNA and second, we need to define and 

quantify the significance of pairs in this specific domain. Third, we need to specify which 

elements of a dynamic HFT temporal network will affect the results and define those 

elements as our network variables. Fourth, we need to develop a low latency algorithm to 

estimate parameters dynamically based on each new data point.  

In order to test the hypothesis: the performance of the central stock is an indicator of 

the performance of peripheral stocks, we first find the central stock in terms of the most 

significant stock in our dynamic HFT temporal network, and then define the regression 

model with the central stock returns as an independent variable and its peripheral stock 

returns as a dependent variable. Therefore, in the regression result, 𝛽 will be the ratio of 

how much the dependent stock (a peripheral stock) will be influenced by the independent 

stock (the central stock). If the hypothesis is correct, then this regression model will show 

the evidence of a relationship and therefore a model based on this regression will be 

predictable.  

We tested the regression models of the top 10 highly correlated pairs for each 

centrality method and found there is some evidence of strong relationships between the 

central stock and its peripheral stock. We built a new dynamic pairs trading model based 



 

48 

 

on this regression result 𝛽 and found our dynamic pairs trading model outperforms the 

performance of the S&P index.  

SNA techniques are applied in a new dynamic HFT temporal network and applied in 

evaluation. Challenges come from applying SNA techniques to a moving time series 

window. We adopt SNA techniques to build a simple HFT network window and then 

extend to a dynamic HFT temporal network by adopting temporal network concepts. 

Dynamic HFT temporal networks consist of a set of temporal network windows during a 

learning period. The number of windows in a network will vary depending on the size of 

the window as well as the length of the learning period. Based on this dynamic HFT 

temporal network, we provide a new dynamic pairs trading algorithm that can build and 

analyze quantified relationships among stocks.  

The dynamic HFT temporal network is a new model that we built to quantify the 

dynamic relationships of assets based on moving windows. In a dynamic HFT temporal 

network, each node represents a stock, edges represent the relationships between two 

stocks, and the weight of an edge represents the quantified relationships between two 

stocks. Then, each HFT temporal network window is an 𝑁 × 𝑁 matrix, where 𝑁 is the 

number of nodes in a network, and each cell contains the weight of each edge in a given 

time.  

To summarize our contributions, we first develop a new dynamic HFT analytics 

system that provides the functions to support a new dynamic HFT temporal network by 
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adopting SNA. Second, we extend the static pairs trading model from finding the long-

term similar pairs to finding the significant and similar pairs that perform the most 

significant role among those similar pairs by adopting SNA techniques. Third, we 

provide a new dynamic pairs trading algorithm that consists of two processes: a learning 

process to find the significant and similar pairs from a dynamic HFT temporal network 

and secondly a decision process to dynamically estimate the spread of a pair to support 

real time trading decisions. 

3.2 Research problems 

The typical objectives of HFT are to take benefits from market liquidity imbalances 

or small pricing inefficiencies (Merli et al. 2014). However, the biggest challenges in 

HFT are to process and analyze the high velocity and high volume of complex data in 

order to find those small instantaneous differences in the historical price data.  

One of the biggest challenges is directly related to its high velocity caused by the 

extremely short transaction time influenced by the technological evolution. The critical 

aspects of HFT are therefore related to the ability to reduce latency and take advantage of 

small temporary differences in the current price data. Due to time inconsistencies 

between HFT trading data and other financial fundamental data, many low-frequency 

trading strategies, based on fundamental analysis, are not suitable for HFT trading 

strategies. The traditional static pairs trading model is not applicable for estimating the 

spread of a pair, because it may be infeasible to exploit long-term market phenomena 
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such as co-integration of assets on an intraday basis (Kishore 2012). Therefore, the first 

challenge is to provide low latency trading algorithms for a traditional pairs trading 

strategy that include the historical trading data process and analysis to find the pairs. As a 

result, a new dynamic pairs trading strategy is needed for HFT.  

Identifying pairs is a big challenge in the pairs trading strategy, which should have 

both long-term stable and similar price movements. In our new dynamic pairs trading 

strategy, we will provide an approach that identifies the pairs, including an efficient and 

flexible historical trading data process, and analysis methodologies depending on the 

structure of time series data. We build a hypothesis that there is some relationship 

between a firm’s network position and its stock performance. 

The historical trading data processing and analysis should be performed before any 

decision making to design a successful trading strategy. Since HFT time series data has a 

variety of trading time intervals or is irregularly spaced, the time series data 

normalization process is required to be performed first. Although there has been a great 

amount of research on time series analysis, financial time series analysis is particularly 

still challenging, because it is likely to violate the underlying assumptions to a stationary 

time series (Bloch 2014). In general, the time series data normalization process is part of 

the data transformation process that involves the conversion from a nonstationary process 

to a stationary process.  
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3.3 Research Methodologies 

In this section, we review the general research techniques and methodologies that are 

used in our HFT trading analysis research. 

3.3.1 Stock price time series data normalization methodologies 

The process of data preprocessing can be summarized as data extraction, data loading 

and data transformation. Data Normalization is a part of the data transformation process, 

and these normalization methods include data cleaning, integration, transformation and 

reduction (Nayak et al., 2014). The normalization refers to all the variables in a 

comparable metric. It enables evaluation of analytic relationships among two or many 

variables despite original unequal values. The normalization process is a major 

requirement for several multidimensional statistical analyses. There are many different 

data normalization techniques with different rules. Based on these findings, it is very 

important to choose the right normalization technique depending on the data sets to 

analyze. The following processes are the most commonly used data normalization 

techniques for time series data. 

i) Min-Max Normalization  

In the min-max normalization process, the data inputs are mapped into a predefined range 

[0,1] or [-1,0]. Then the min-max method normalizes the values of the attributes (Nayak 

et al. 2014). 
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�̂� = 𝑙𝑜𝑤 + (ℎ𝑖𝑔ℎ − 𝑙𝑜𝑤) ×

𝑎 − 𝑚𝑖𝑛𝐴

𝑚𝑎𝑥𝐴 − 𝑚𝑖𝑛𝐴
 

(3-1) 

where the normalized data range is between [0 (low), 1 (high)]. Since we use the 

normalized data range as [0, 1], the method can be simplified as:  

 
�̂� =

𝒂 − 𝒎𝒊𝒏𝑨

𝒎𝒂𝒙𝑨 − 𝒎𝒊𝒏𝑨
, �̂� ∈ [𝟎, 𝟏] 

(3-2) 

Figure 3-1 shows a Min-Max normalization example for S&P 500 index values during 

2000 to 2016. In this example, the mean of normalized index values is 0.4385655 and its 

standard deviation is 0.2266788. The main deficiency of using the min-max 

normalization method in time series occurs when we apply to out-of-sample data set, 

because the minimum and maximum of out-of-sample data set are unknown. Also, the 

min-max normalization method is not robust, because it is highly sensitive to outliers 

(Nayak et al., 2014). 

                

Figure 3-1: S&P500 index value vs min-max normalized value 
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ii) Decimal Scaling Normalization 

In the decimal scaling normalization process, the decimal point of the values of an 

attribute A is moved to its maximum absolute value (Nayak et al., 2014).  

 �̂� =
𝒂

𝟏𝟎𝒅
 (3-3) 

where d is the smallest integer such that max(|â|) < 1. 

        

Figure 3-2: S&P500 index value vs decimal scaling normalized value 

Figure 3-2 shows Decimal Scaling normalization example for S&P 500 index values 

during 2000 to 2016. In this example, the mean of normalized index values is 0.1376125 

and its standard deviation is 0.03615957. The main deficiency of using the decimal 

scaling normalization method in time series is similar to the min-max normalization, 

because this method also depends on the maximum value of a time series (Nayak et al., 

2014). 
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iii) Z-Score Normalization 

Z-Score normalization is the most commonly used normalization method. During the z-

score normalization process, the values of an attribute A are normalized according to their 

mean and standard deviation, as follows: 

 
�̂� =

𝒂 − 𝝁(𝒂)

𝝈(𝒂)
 

(3-4) 

where μ(a) is the mean value and σ(a) is the standard deviation of attribute A. 

Both the mean and the standard deviation are sensitive to the outliers.  

         

Figure 3-3: S&P500 index value vs z-score normalized value 

Figure 3-3 shows the Z-Score normalization example for S&P 500 index values during 

2000 to 2016. In this example, the mean of normalized index values is very close to 0 and 

its standard deviation is 1. This method does not guarantee a common numerical range 

for the normalized scores (Nayak et al., 2014).  
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iv) Median and MAD 

The median and median absolute deviation (MAD) is a very robust normalization method 

that is insensitive to outliers and the points in the extreme tails of the distribution (Nayak 

et al., 2014). The formula is as follows:  

 
�̂� =

𝒂 − 𝒎𝒆𝒅𝒊𝒂𝒏(𝒂)

𝒎𝒆𝒅𝒊𝒂𝒏(𝒂𝒃𝒔(𝒂 − 𝒎𝒆𝒅𝒊𝒂𝒏(𝒂)))
 

(3-5) 

 

Figure 3-4 shows a median and MAD normalization example for S&P 500 index values 

during 2000 to 2016. By using this example, the mean of normalized index values is 

0.4460745 and its standard deviation is 1.988756. 

         

Figure 3-4: S&P500 index value vs med-mad normalized value 
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v) Tanh estimators 

Tanh estimator is a robust and highly efficient method to normalize the time series data. 

In practice, the data value a of attribute A is normalized to â by computing: 

 �̂� = 𝟎. 𝟓[𝒕𝒂𝒏𝒉 [
𝟎. 𝟎𝟏(𝒂 − 𝝁)

𝝈⁄ ] + 𝟏] (3-6) 

where μ is the mean and σ is the standard deviation of the data set. Figure 3-5 shows the 

normalization example using a Tanh estimator for S&P 500 index values during 2000 to 

2016. With this example, the mean of normalized index values is 0.4999 and its standard 

deviation is 0.0049. 

         

Figure 3-5: S&P500 index value vs tanh estimator normalized value 

According to Nayak et al. (2014), the normalization results with Min-max, Decimal 

scaling and Z-score methods show that they are more sensitive to the outliers and not 
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robust, whereas Median and MAD and tanh estimator are less sensitive to the outliers and 

therefore show more robust results. 

3.3.2 Time series analysis 

In order to understand the structure of historical price data, we adopt the traditional 

time series analysis methodologies. Since there is a significant inconsistency between 

HFT data time intervals and other financial fundamental data, the traditional fundamental 

analysis methodology is not applicable to HFT. We focus on financial time series data 

analysis.  

A time series is widely used to implement a stock price model to predict future stock 

price movement, especially the technical analysis point of view. This is a sequence whose 

index corresponds to consecutive dates separated by a unit time interval, and the elements 

of the sequence are regarded as a set of random variables. The main goal of time series 

analysis is to identify the patterns or trends in time series data and predict the future 

values of the time series. We start the overview with the simple linear stochastic process 

in section 3.2.1.1. The following linear stochastic processes are all in a stationary 

process; that means there are constant mean, variance and covariance over time. In 

theory, if any time series is following any of these processes, then we can predict the 

future movement. As shown in section 3.2.1.2, we are going to examine the methods for 

the stationarity test. 
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3.3.2.1 Linear Stochastic Process 

A stochastic process is a sequence of random variables, such as  𝑥1, 𝑥2,  𝑥3, …, and 

each random variable 𝑥𝑖 of the stochastic process is uniquely associated with an element 

in the set. Accordingly, the stochastic process 𝐻𝑡 is the history of 𝑥𝑡: 

 𝑯𝒕 = {𝒙𝒕, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐, … , 𝒙𝟎} (3-7) 

and the expected value at time t of a particular random variable 𝑥  is 

 𝑬𝒕(𝒙) = 𝑬(𝒙|𝑯𝒕) (3-8) 

meaning its expected value conditional on all information available at time t. Therefore, 

𝑖𝑓 𝑖 ≤ 𝑡, 𝑡ℎ𝑒𝑛 𝐸𝑡(𝑥) =  𝑥𝑖. Stochastic processes are often used in modeling time series 

data. In the statistics literature, the time series is generally restricted to a stochastic process 

with a discrete-time observation, whereas a stochastic process can be observed in either 

continuous time or discrete time.  

A fundamental process is a white-noise process that consists of a sequence of 

uncorrelated random variables, with a zero mean and the same finite variance. White 

noise process is a linear stochastic process. 

An autoregressive (AR) process is known as a basic time series model in which the 

change in the variable at a point in time is linearly correlated with the previous change. 

Letting 𝑥𝑡 be the change in x at time t, with 0 ≤ x ≤ 1, then  

 𝒙𝒕 = 𝒃𝟏𝒙𝒕−𝟏 + ⋯ + 𝒃𝒑𝒙𝒕−𝒑 + 𝜺𝒕 (3-9) 
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where |𝑏𝑘 | ≤ 1 for k = 1, .., p, and 𝜀 is a white noise series with mean 0 and variance 𝜎𝜀
2. 

The order p of the model indicates the number of lagged values of the dependent variable. 

Therefore, AR(1): 𝑥𝑡 = 𝑏1𝑥𝑡−1 + 𝜀𝑡 and AR(2): 𝑥𝑡 = 𝑏1𝑥𝑡−1 + 𝑏2𝑥𝑡−2 + 𝜀𝑡. Also, it can 

be used with a longer interval difference: 

 𝒙𝒕 = 𝒃𝟎 + 𝒃𝟏𝒙𝒕−𝟏 + 𝒃𝟐𝒙𝒕−𝟐 + 𝜺𝒕 (3-10) 

In general, the correlation declines exponentially with time and disappears in a relatively 

short period of time. The restrictions on the coefficients 𝑏𝑘 ensure that the process is a 

stationary one. Basically, there are no long-term upward or downward trends in the mean 

or variance. This is an AR(p) process where the change in x at time t is dependent on the 

previous p periods. To test for the possibility of an AR process, a regression is run where 

the change at time t is the dependent variable, and the changes in the previous q periods 

(the lags) are used as independent variables. This is accomplished by evaluating the t-

statistics for each of the lags. If any of them are significant at the 5% level, we can form 

the hypothesis that an AR process is currently at work. 

In a moving average (MA) process, the time series is the result of the moving average 

of an unobserved time series, 

 𝒙𝒕 = 𝜺𝒕 + 𝒄𝟏𝜺𝒕−𝟏 + 𝒄𝟐𝜺𝒕−𝟐 + ⋯ + 𝒄𝒒𝜺𝒕−𝒒 (3-11) 

where |𝑐𝑘 | < 1 for k = 1, .., q. The restriction on the coefficients 𝑐𝑘 ensures that the 

process is invertible. In the case where 𝑐𝑘 > 1, future events would affect the present and 
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the process is stationary. Due to the moving average process, there is a linear dependence 

on the past and a short-term memory effect. 

3.3.2.2 Stationarity test 

Although financial time series in the real world are non-stationary with a trend or a 

periodic noise, in the finance literature, it is common to assume that an asset return series 

is weakly stationary, because a stationary time series is easy to predict as its statistical 

properties are constant (Bloch 2014). In order to predict future stock price movement 

using time series analysis, it is important to check whether or not the time series process 

is stationary. If it is a nonstationary process, then we need to convert to a stationary 

process to predict future movement.  

A time series has weak stationarity or covariance-stationarity, if its mean and 

variance do not change over time. If the joint probability density functions of the vectors 

𝑋𝑡 and  𝑋𝑡+𝑘 are the same for any value of k, this means the time series vector 𝑋𝑡 is said 

to be strictly stationary. However, this strictly stationary condition is very difficult to 

verify empirically. In the special case where 𝑋𝑡 is normally distributed, then the weak 

stationarity is equivalent to strict stationarity. The time series is said to be stationary if it 

satisfies three major conditions (Bloch 2014). These consist of the following 

1) The expected value of the series must be finite and constant across time:  

E[𝑋𝑡] = 𝜇, 𝑤ℎ𝑒𝑟𝑒 𝜇 𝑖𝑠 𝑡ℎ𝑒 𝑚𝑒𝑎𝑛.  

2) The variance of the series must be finite and constant across time: E[𝑋𝑡
2] < ∞. 
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3) The covariance of the time series with itself must be finite and constant for all 

intervals over all periods of time:  

 𝑪𝒐𝒗(𝑿𝒕, 𝑿𝒕−𝒍) = 𝑬[(𝑿𝒕 − 𝝁𝒕)(𝑿𝒕−𝒍 − 𝝁𝒕−𝒍)] = 𝜸𝒍 (3-12) 

where 𝛾𝑙 is independent of t. Then, the covariance 𝛾𝑙 is called the lag-l autocovariance of 

𝑋𝑡, where 

 𝜸𝑿(𝒍) = 𝑪𝒐𝒗(𝑿𝒕, 𝑿𝒕−𝒍) 𝒇𝒐𝒓 𝒕, 𝒍 ∈  𝒁 (3-13) 

The autocorrelation function for a stationary time series {𝑋𝑡} is defined to be 

 
𝝆𝑿(𝒍) =

𝜸𝑿(𝒍)

𝜸𝑿(𝟎)
,   

(3-14) 

where 𝛾𝑋(0) = 𝐶𝑜𝑣(𝑋𝑡, 𝑋𝑡), 𝑤ℎ𝑒𝑛 𝑙 = 0 𝑎𝑛𝑑 𝛾𝑋(0) 𝑖𝑠 𝑡ℎ𝑒 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑋𝑡. 

Then, the autocorrelation function can be used to access a model fit to the covariance-

stationarity:  

 
𝝆𝑿(𝒍) =

𝜸𝑿(𝒍)

𝜸𝑿(𝟎)
=

𝑪𝒐𝒗(𝑿𝒕+𝒍,   𝑿𝒕)

𝑪𝒐𝒗(𝑿𝒕,  𝑿𝒕)
= 𝑪𝒐𝒓𝒓(𝑿𝒕+𝒍, 𝑿𝒕). 

(3-15) 

A correctly specified autoregressive model will have residual autocorrelations that do not 

significantly differ from zero. The estimated model (linear regression model or auto-

regression model) can be built with the following processes (Tsay 2005): 

1) Calculate difference error terms based on the different time lag. 

2) Estimate autocorrelations for the error terms. 

3) Test to see whether the autocorrelations are statistically different from zero.  
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This is a t-test, which, if the null hypothesis of no correlation is rejected, mandates a 

modification of the model or data. A failure to reject the null hypothesis indicates that the 

model is statistically valid. 

There are three important stationarity properties (Ljungqvist and Thomas 2012): 

i. If 𝑥𝑡 and 𝑦𝑡  are stationary, then 𝑎𝑥𝑡 + 𝑏𝑦𝑡 is stationary for any (finite) a and b. 

ii. If 𝑥𝑡 is stationary and 𝑦𝑡  is nonstationary, then 𝑎𝑥𝑡 + 𝑏𝑦𝑡 is nonstationary for any 

𝑏 ≠ 0. 

iii. If 𝑥𝑡 and 𝑦𝑡  are both nonstationary, then there may or may not be an a and a b 

such that 𝑎𝑥𝑡 + 𝑏𝑦𝑡  is stationary. For a trivial example, note that 𝑥𝑡 − 𝑦𝑡 is 

stationary. 

The previously mentioned white noise process, AR process, and MA process are all in a 

stationary process. One of the most common nonstationary stochastic processes is a 

random walk: 

 𝑿𝒕 = 𝑿𝒕−𝟏 + 𝜺𝒕 (3-16) 

where 𝜀𝑡 is white noise. A random walk is a special case of a martingale. A martingale is 

a sequence of random variables for which, at a particular time, the expectation of the next 

value in the sequence is equal to the present observed value: 𝐸𝑡(𝑋𝑡+1) = 𝑋𝑡. A random 

walk is not stationary, but its first difference 𝑋𝑡 −  𝑋𝑡−1 is stationary (Ljungqvist and 

Thomas 2012). This property is called integrated of order 1, denoted I(1), or we say that 

𝑋𝑡 has a unit root. A stationary process is sometimes called an I(0) process. Since a stock 

price is like a nonstationary random walk process, this unit root is a very important 
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property to transform a nonstationary stock price movement to a stationary process and 

build a model to predict future movement.  

3.3.2.3 Smoothing 

Smoothing is the first step of trend identification in time series data analysis (Bloch 

2014). The most common smoothing technique is moving average smoothing which 

replaces each element of the series by either the simple or weighted average of n 

surrounding elements, where n is the width of the smoothing ‘window’ (Box & Jenkins 

1976). If there are outliers in the data, median smoothing typically produces smoother or 

at least more reliable curves than moving average smoothing, whereas moving average 

smoothing is more reliable when there are no clear outliers (Bloch 2014).  

Another approach to handling these outliers is an exponential smoothing which 

assigns exponentially decreasing weights as the observations get older (Hunter 1986). In 

the exponential smoothing process, the recent observations are given more weight in 

forecasting than the older observations. The smoothing process begins with setting S2 to 

x1, where S2 stands for smoothed observation and x1 stands for the original observation. 

There is no S1 and the smoothed series starts with the second observation. Therefore, the 

smoothed value 𝑆𝑡 at time t can be calculated (Hunter 1986) as  

 𝑺𝒕 =  𝜶𝒙𝒕−𝟏 + (𝟏 − 𝜶)𝑺𝒕−𝟏,    𝟎 < 𝜶 ≤ 𝟏 𝒂𝒏𝒅 𝒕 ≥ 𝟑 (3-17) 
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Then, the basic forecasting formula with exponential smoothing is as follows:  

 𝑺𝒕+𝟏 = 𝜶𝒙𝒕 + (𝟏 − 𝜶)𝑺𝒕,   𝟎 < 𝜶 ≤ 𝟏,   𝒕 > 𝟎. (3-18) 

With regard to the exponential smoothing process, the rate at how much the weights 

decreased is controlled by the parameter 𝛼. In order to find the best value for parameter 

𝛼, Gardner (1985) concludes that it is the best to estimate an optimum 𝛼 from the data 

that has the smallest sum or mean of squared error. If there is any trend, then single 

smoothing is still not enough to fit the data. The second trend smoothing parameter, γ, 

and the third seasonal smoothing parameter, β, will be considered as well. However, we 

do not consider a trend or a seasonal smoothing in this thesis. We only consider the single 

smoothing for building the dynamic HFT time series. 

Online algorithms are studied for HFT applications to guarantee a fast reaction time 

and efficient memory handling (Loveless et al. 2013). The exponentially weighted 

average takes all previous data compared to the previous EWMA which takes the last 

fixed number of observations. Then, it assigns an exponentially decreasing weight to 

older observations:  

 

�̂�𝒕,𝜶 = (𝟏 − 𝜶) ∑ 𝜶𝒋

𝒕−𝟏

𝒋=𝟎

𝑿𝒕−𝒋 + 𝜶𝒕𝑿𝟎 ,    𝟎 < 𝜶 ≤ 𝟏 
(3-19) 

This exponentially weighted average can be efficiently solved with the algorithm that was 

initially introduced by Brown (1956): 

 �̂�𝟎,𝜶 = 𝑿𝟎, �̂�𝒕,𝜶 = (𝟏 − 𝜶)𝑿𝒕 + 𝜶�̂�𝒕−𝟏,𝜶 (3-20) 
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The variance of a random variable is defined as 

 𝑽𝒂𝒓(𝑿) = 𝑬[(𝑿 − 𝑬[𝑿])𝟐] (3-21) 

Then, the one-pass variance algorithm is defined as follows (Loveless et al. 2013): 

 �̂�𝟎 = 𝟏, �̂�𝒕,𝜶 = (𝟏 − 𝜶)(𝑿𝒕,𝜶 − �̂�𝒕,𝜶)𝟐 + 𝜶�̂�𝒕−𝟏,𝜶 (3-22) 

We adopt this one-pass EWMA algorithm and one-pass variance algorithm in our 

dynamic pair-trading algorithm. 

3.4 Proposed Solution 

We propose a new dynamic HFT analytics system that provides low latency trading 

algorithms for a traditional pairs trading strategy that include analysis for finding pairs 

with a historical trading data process. The stock market is more dynamic and evolves 

with its surrounding environment and requires new trading strategies. Therefore, it is very 

important to provide the flexibility that adopts a new strategy without changing the 

current system. In this thesis, we provide a dynamic HFT data analytics system that 

provides the functions of data extraction, cleaning, normalization, integration, and 

analysis.  

Our new dynamic HFT analytics system provides two functions: HFT time series 

data transformation and dynamic HFT pairs trading. Research on pair trading has been 

studied to find pairs and estimate constants. We propose a new dynamic HFT pairs 

trading algorithm that adopts SNA technologies to identify pairs from dynamic HFT 
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temporal networks and show that there is some relationship between the company’s 

network position and its stock performance.  We will apply several centrality techniques 

to find the security that has the highest centrality, meaning this security will have a 

significant impact on other securities. Next, we use the correlation of these candidate 

securities to find pairs.  

Accelerated with a high-speed computing environment, most of the HFT strategies 

use simple algorithms which have been performed in lower frequency trading to execute 

them at the fastest rate. A successful HFT strategy requires the ability to simultaneously 

process large volumes of complex information. In order to analyze HFT data, we design a 

dynamic Pairs trading algorithm applying the most common time series analysis method, 

which is moving average smoothing for dynamic pair trading strategies. Then, we extend 

this algorithm to the online one-pass algorithm of Loveless et al. (2013).  

3.4.1 HFT time series data transformation 

As we already discussed in Chapter 2, data transformation is the most important step 

prior to the data analysis process to apply statistical analysis. We provide data 

transformation process units based on the existing time-series analysis process, and run or 

skip each process based on the results of the previous process. Therefore, the entire data 

transformation process is more flexible and dynamic, depending on the structure of the 

time series data.  
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The traditional time series normalization process in finance uses returns. The benefit 

of using returns is due to normalization. In other words, it means that all variables are in a 

comparable metric. As a result, it enables an evaluation of the analytical relationship 

between two or more variables despite the original diverse price series. This is a basic 

requirement for many multidimensional statistical analyses. If the price is a log-normal 

distribution, then log(𝑅 + 1) is normally distributed. Traditionally, the simple return is 

denoted by the capital R and log return is denoted by the lowercase r. These returns can 

be defined as: 

 
𝑹𝒕 =

(𝑷𝒕 − 𝑷𝒕−𝟏)

𝑷𝒕−𝟏

=
𝑷𝒕

𝑷𝒕−𝟏

− 𝟏 
(3-23) 

 
𝒓𝒕 = 𝒍𝒐𝒈 (

𝑷𝒕

𝑷𝒕−𝟏

) = 𝒍𝒐𝒈𝑷𝒕 − 𝒍𝒐𝒈𝑷𝒕−𝟏 
(3-24) 

where 𝑃𝑡 is the price of the asset at time t and the log is the natural logarithm. The simple 

return and log return can then be interchangeable.  

 𝒓 = 𝒍𝒐𝒈(𝑹 + 𝟏) (3-25) 

 𝑹 = 𝒆𝒙𝒑(𝒓) − 𝟏 (3-26) 

Especially, log return offers several advantages both theoretically and algorithmically. 

The compound return can be calculated with a simple formula: 

 
∑ 𝒍𝒐𝒈(𝑹𝒕 + 𝟏) = 𝒍𝒐𝒈(𝑹𝟏 + 𝟏) + 𝒍𝒐𝒈(𝑹𝟐 + 𝟏) + ⋯ + 𝒍𝒐𝒈(𝑹𝒏 + 𝟏)

𝒏

𝒕=𝟏

= 𝒍𝒐𝒈(𝑷𝒏) − 𝒍𝒐𝒈 (𝑷𝟎) 

(3-27) 

Compound return over n periods is the log difference between the initial and the final 

periods. However, earlier research indicates that there are some downsides to using log 
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returns. Hudson (2010) found that there are some differences between the average return 

using log return and the average return using simple return. The average of log returns is 

less than the average of simple returns as much as the amount related to the variance of 

returns. When log returns are used, the higher variance will automatically reduce the 

expected returns. In addition to this, we use the one-pass algorithm and one-pass variance 

to provide the normalization functions that we discussed in Section 3.2.1. By calculating 

the one-pass mean and variance, we can directly convert the previous normalization 

methods to the one-pass algorithms, except for the Median and MAD normalization 

method. 

i) z-score normalization formula:  

 
𝒛 =  

𝜶(𝒙𝒕 − �̂�𝒕−𝟏,𝜶)

(𝟏 − 𝜶)(𝒙𝒕,𝜶 − �̂�𝒕,𝜶)𝟐 + 𝜶�̂�𝒕−𝟏,𝜶

 
(3-28) 

 

ii) Min-Max Normalization formula: 

 
𝑴𝒊𝒏𝑴𝒂𝒙 = 𝒍𝒐𝒘 + (𝒉𝒊𝒈𝒉 − 𝒍𝒐𝒘) ×

𝒙𝒕 − 𝒎𝒊𝒏 (𝑿𝒕)

𝒎𝒂𝒙(𝑿𝒕) −𝒎𝒊𝒏(𝑿𝒕)
 

(3-29) 

 

iii) Median and MAD Normalization formula: 

 
𝑴𝒆𝒅𝑴𝒂𝒅 =

𝒙𝒕 − 𝒎𝒆𝒅𝒊𝒂𝒏(𝑿𝒕)

𝒎𝒆𝒅𝒊𝒂𝒏(𝒂𝒃𝒔(𝒂 − 𝒎𝒆𝒅𝒊𝒂𝒏(𝑿𝒕)))
 

(3-30) 

 

iv) Tanh estimators: 

 𝑻𝒂𝒏𝒉 = 𝟎. 𝟓[𝒕𝒂𝒏𝒉[𝟎. 𝟎𝟏 ∗ 𝒛] + 𝟏] (3-31) 
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We represent the HFT data for a stock X as a stochastic time series process. Then the 

stochastic process of 𝑋𝑡 at time t is the history of 𝑥𝑡: 

 𝑯𝒕 = {𝒙𝒕, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐, … , 𝒙𝟎}. (3-32) 

 

The process to transform HFT data is as follows: 

Step 1: We take the normalized/transformed time series data, 𝑥𝑡. 

Step 2: We test the stationarity with auto-correlation and Augmented Dickey-Fuller 

(ADF) tests. 

Some researchers (Ljungqvist and Thomas 2012) have found that the first difference 

of a random walk is stationary, but there is still a question as to whether the stock price 

itself is a random walk. As we already discussed in Chapter 2, stationarity is a 

fundamental assumption for time series analysis. A stationary time series must meet three 

conditions. That is, the mean, variance, and covariance must be finite and constant over 

time. Because the first (finite and constant mean) and second (finite and constant 

variance) conditions are easily satisfied, we must consider the third condition, which 

consists of a finite and constant covariance. Autocorrelation functions are applied to test 

for covariance-stationarity conditions. If the result is significant at the 5% level, we 

accept 𝑟𝑡 is a stationary process. The stationary process is also called an I(0) process.  

Figure 3-7 shows the work flow for the time series data transformation process. Each 

process depends on the results of previous tests. Since stock prices are likely to be a 

random walk process which is nonstationary, the unit root is a very important property to 
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transform a nonstationary stock price movement to a stationary process, in order to build 

a model and predict any future movement. 

 
Figure 3-6: Work flow for the time series data transformation process 

The process of dynamic pairs trading consists of two steps: the learning process to 

find acceptable pairs and the decision-making process to support trading decisions. There 

are two parts to the learning process: i) data preprocessing and ii) data analysis. To 

provide the appropriate data analysis for a time series, we need to transform the data to an 

acceptable data format in order to apply to our dynamic pair trading algorithm. This part 

of the data processing includes data extraction, cleaning, normalization, integration, and 

transformation. The data transformation process depends on the characteristics of the 

data, and it is very important to build the appropriate transformation model for the 
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analysis data. We provide a more flexible and dynamic data transformation process that 

allows building transformation models for each individual time series to be analyzed. 

Once we define the appropriate data transformation model, the predefined data 

transformation model is used to normalize and transform the HFT data. Once we 

complete the data preprocessing part, the data analysis part will adopt SNA techniques to 

build temporal networks to find the best acceptable pairs. We build a set of temporal 

networks based on a specific time period, and we apply SNA technology to find the best 

acceptable pairs for all companies in the S&P 500.  

To determine market timing during the decision process, we apply two moving 

averages: simple moving average (SMA) and exponentially weighted moving average 

(EWMA).  First, we calculate the spread of two stock prices, 𝑋𝑡 and 𝑌𝑡 at time  

 𝒕: 𝑺𝒕 = 𝒀𝒕 − 𝜷𝑿𝒕 (3-33) 

where 𝑆𝑡 is the spread at time t, and 𝛽 is the hedge ratio. The two stock prices, 𝑋𝑡 and 

𝑌𝑡, are obtained during learning process. We apply the concept of moving average 

smoothing to our moving window that changes 𝛽 with the time sequence. Figure 3-8 

shows the simple pairs trading market timing positions with the SMA moving windows. 

Moving average and ±2 standard deviation (SD) are calculated with the spread based on 

the moving window size. When the spread reaches the lower 2SD position, we enter the 

long position and exit when the spread reaches the mean position. Figure 3-9 shows the 

effect of the SMA moving window on the current average value. There are three vertical 

lines in Figure 3-9. The average from the first timeline to the second timeline decreases, 
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while the spread increases due to a large drop in the previous spread. The average from 

the second vertical time line to the third vertical time line also decreases, while the spread 

increases. The decreased mean causes an unexpected exit, and it reduces the expected 

profit. As a result, EWMA is considered to avoid this SMA moving window effect. 

 
Figure 3-7: SMA mean and variance change over the spread 
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Figure 3-8: SMA moving window effect on the current mean 

 

We vary the length of the window to test how the window size affects the average 

and spread values in future stock price forecasting. We also test the online one-pass 

algorithm (Loveless et al., 2013) that adopts the Exponentially Weighted Moving 

Average (EWMA) from Hunter (1986) with our dynamic Pairs trading. The spread 𝑆𝑡 is 

calculated as follows:  

 𝑺𝒕 =  (𝟏 − 𝜶)(𝒀𝒕 –  𝜷𝑿𝒕) + 𝜶𝑺𝒕−𝟏,    𝟎 < 𝜶 ≤ 𝟏 (3-34) 

In the dynamic pairs trading algorithm, there are two embedded methods; Method (1) is 

the “Simple Moving Average method” and Method (2) is the “Exponentially Weighted 
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Moving Average method”. Each method includes functions to calculate mean 𝜇, variance 

v, standard deviation 𝜎, transformation methods z, and regression β. 

Step 1. Learning process: find the set of acceptable pairs during a fixed time. 

1. Choose Method(method =(1: SM, 2: EWMA)), Correlation (corr = ("pearson", "kendall", 
"spearman")), Centrality(centrality=(“degree”, “closeness”, “betweenness”)) 

2. Set n = the learning period (days), m = window size (minute),  b= bar (sec),  h = a minimum 
correlation threshold, U = universe of securities (all company tickers from S&P 500).  

a. Let mean 𝜇, variance v, standard deviation 𝜎, z-score, regression β  

b. Let h1 be an acceptable threshold for an average absolute correlation, h1 ∈ [0,1] and 

h1> h. 
c. Let P be the set of acceptable pairs.  

 Assume we have a second bar data, b=1, and we set m = 10 minutes and learning 
period n = 1 day. 

 Build 48 temporal network windows (8*6) based on correlations (>h) between any 
pair of nodes per 10 min. period (600 bar data). 

3. For each time interval I  in (1: n*8*60/m), 

a. Read all stock prices 𝑆𝑡, 𝑘 𝑤ℎ𝑒𝑟𝑒 𝑘 ∈ 𝑼 𝑎𝑛𝑑 (𝐼 − 1) ∗ 𝑚 ∗
60

𝑏
 < 𝑡 ≤ 𝐼 ∗ 𝑚 ∗

60

𝑏
 

b. Call transform method to normalize 𝑆𝑡, 𝑘, calculate 𝜇, v, 𝜎. 

c. Call regression method to calculate 𝛽. 

d. Calculate correlation coefficient corri, j for all pair 𝑝𝑖,𝑗  , where {𝑝 = {𝑖,  𝑗}|𝑖 ∈ 𝑼,  𝑗 ∈ 𝑼,  𝑖 ≠ 𝑗} 

e. Find the minimum acceptable pairs Pi,j where |corri, j | >= h 

f. Build weighted temporal network TI based on the pairs from Pi,j. 

g. Calculate centrality ci,k from TI, where k∈U  

4. Calculate the average centrality Ck from all temporal network windows TL 
K = k where Ck = max(Ck)  

5. For all pairs, P = {K, x}, where x is neighbor of K. 

6. Calculate the sum of absolute correlation of each pair P, Corrk,x = mean(|corrk,x|), from all 
temporal network windows TI. 

Set h1 =mean(Corrk )  

Return P = {K, x}, where Corrk,x > h1,  

 

Step 2. Decision process: Decide when to buy a stock or sell a stock. 

1. Set short = false, long = false, S1 = 0;  
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2. For each pair (x, y) in the set of acceptable pairs P, keep monitoring the price change. 

a. Read new x, y; 

b. While x, y are not null 

– call transform method to normalize x and y; update 𝜇,   𝑣,   𝜎 

– calculate spread S from x and y; S =Y - 𝛽X; 

– if (short && S ≤ 𝜇) then exit short position, 

else return stock Y and sell stock X;  

– if (long && S ≥ 𝜇) then exit long position, 

else sell stock Y and return stock X;  

– if S > zσ then enter short position;  

else S1 = S; short 1 of Y and buy 𝛽 of X; short = true; 

– if S < -zσ then enter long position, 

else S1 = S; buy 1 of Y and short 𝛽 of X; long = true; 

– Read new x, y; 

end of while; 

3.5 Implementation 

In this thesis, we provide a flexible and efficient dynamic business big data analytics 

system with new algorithms to support HFT trading analysis testing. Figure 3-10 shows a 

big data analytics system architecture design. Our analytics system provides an interface 

to access to Bloomberg, Google and Yahoo Finance to get intraday or daily historical 

stock trading data. We also provide an interface for running JRI to use R functions we 

built for SNA techniques. There are four main components: Data Integration/ 

Normalization, Network Analyzer, Simulation, and Interface Manager.  

Data Integration/Normalization involves two processes: i) data loading to data 

normalization and ii) data integration to data transformation. Data normalization, starting 
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from the data loading process, completes the first HFT data normalization process. Since 

HFT data is irregularly spaced over time, the first normalization process converts the data 

to regular time series data. Starting with the data integration process, the second data 

transformation provides the functionality for statistical normalization processes, such as 

price return, price log return, z-score, Min-Max, MedMad, and Tanh estimator 

normalization. Finally, the data transformation process is completed with these two 

processes, including a stationarity test. All normalization functions built on R and JRI 

provide an interface for calling these R functions in Java. The data transformation process 

provides flexibility depending on the data.  

The Network Manager Component provides network level functions such as Network 

Generator, Network Aggregator, and Network Analyzer. Network Manager also uses R to 

provide all the functions associated with SNA techniques. Next, the Simulation Manager 

component provides the trading level functions including transaction control, data 

monitoring, simulation, and analysis. We have extended the basic Pair Trading 

Simulation abstract class to 4 modified Pair Trading Simulation classes. These include 

Simple Pair Trading Simulation, Base time Pair Trading Simulation, Moving Pair 

Trading Simulation and Weighted Pair Trading Simulation.  

Figures 3-11 shows the class diagrams of the simulation modules. Finally, The 

Interface Manager component provides interface level functions including data 

management, network management, trading simulation management, result analysis, 

configuration management, and interface control. Our analytical system can provide a 
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more efficient and flexible trading environment that can allow users to modify their 

dynamic trading strategy at any time through the Configuration Manager. 

 

Figure 3-9: System architecture design 
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3.6 Experimental data and results 

We investigate a HFT data analytics system that provides the functions of data 

extraction, cleaning, normalization, integration and analysis with SNA technologies. We 

also investigate the proposed dynamic high-frequency pairs trading strategy. The HFT 

data analysis process includes two parts: a learning process and a trading process. As we 

already mentioned in the previous section, the learning process consists of data 

extraction, data transformation, and data analysis.  

We collected S&P 500 companies’ intraday tick-by-tick data from Bloomberg during 

2014-09-02 ~ 2014-09-31, 1-minute bar data from Google and Yahoo Finance during 

2017-01-24 ~ 2017-05-01, and 5-minute bar data from Google Finance during 2016-12-

01 ~ 2017-05-01. For HFT analysis testing, we chose S&P 500 securities that are the 

most liquid stocks in the US market. We collect these bar data back to 3 weeks for 1-

minute data and about 11 weeks for 5-minute data. Because all three provides only 

service for the recent 15 days intraday data for 1-minute data and 11 weeks for 5-minute 

data, the problem comes from changes in the S&P 500 constituents. When a new security 

is added in S&P 500 index, we can only get 1-minute data from 3 weeks back and 5-

minute data from 11 weeks back. As a result, we test for the securities that have belonged 

to S&P 500 index for the last full testing periods. There are a total of 495 securities 

during 2017-01-24 ~ 2017-05-01 and we added the list of 495 tickers in Appendix F. 
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3.6.1 HFT data cleaning and 1
st
 normalization 

The most famous HFT intraday stock trading data sources are Bloomberg, Yahoo 

Finance and Google Finance. Yahoo Finance provides 1-minute intraday bar data for the 

previous 3-week periods. Google Finance provides different time intervals with lowest 1-

minute intraday bar data with different time periods, three weeks for 1-minute intraday 

bar data, and eleven weeks for 5minute intraday bar data. Bloomberg Terminal is also 

available for 90 days intraday tick data. Figures 3-12 ~ 3-14 show the real time intraday 

trading data from Yahoo, Google and Bloomberg. 

uri:/instrument/1.0/IBM/chartdata;type=quote;range=1d/csv 

ticker:ibm 

Company-Name:International Business Machines 

Exchange-Name:NYQ 

unit:MIN 

timezone:EST 

currency:USD 

gmtoffset:-18000 

previous_close:179.4000 

Timestamp:1488292200,1488315600 

labels:1488294000,1488297600,1488301200,1488304800,1488308400,1488312000,1488315600 

values:Timestamp,close,high,low,open,volume 

close:179.4000,180.5900 

high:179.4500,180.6300 

low:179.3500,180.5100 

open:179.3950,180.6000 

volume:200,651400 

1488292213,179.5700,180.0000,179.3800,179.5200,124300 

1488292288,179.7500,180.0100,179.6200,180.0100,17100 

1488292339,179.8500,180.0500,179.7200,180.0500,10600 

1488292391,179.8800,180.0050,179.6300,180.0050,20900 

1488292445,179.8051,179.9100,179.7400,179.8800,7200 

… 
Figure 3-11: Yahoo finance intraday 1-minute bar data for IBM 

 

Figure 3-11 shows IBM HFT intraday data from Yahoo finance. The first 11 lines 

show the descriptions of stock trading information such as ticker name, company name, 
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stock exchange name, exchange time zone, exchange currency, UNIX time offset, and 

previous closing price, UNIX time stamp and time stamp labels. The line 12 shows the 

data column information and the intraday stock trading data starts from the line 18 with 

timestamp, close, high, low, open price data and trading volume based on 1 minute time 

period. 

EXCHANGE%3DNYSE 

MARKET_OPEN_MINUTE=570 

MARKET_CLOSE_MINUTE=960 

INTERVAL=60 

COLUMNS=DATE,CLOSE,HIGH,LOW,OPEN,VOLUME 

DATA= 

TIMEZONE_OFFSET=-300 

a1487082600,178.51,178.61,178.51,178.57,139594 

1,178.57,178.79,178.44,178.53,15381 

2,178.55,178.8,178.44,178.6356,12300 

3,178.63,178.7,178.45,178.48,4322 

4,178.77,178.8,178.6,178.63,5627 

5,178.73,178.84,178.725,178.83,5686 

6,178.89,179,178.73,178.88,9585 

7,179.08,179.08,178.79,178.93,5371 

8,179.049,179.09,178.9501,178.9704,8495 

9,178.94,179,178.93,178.93,1800 

… 

Figure 3-12: Google finance intraday 1 minute bar data for IBM 
 

Figure 3-12 shows IBM HFT intraday data from Goodgle finance. The first 4 lines 

show the descriptions of stock trading information such as stock exchange name, 

exchange market open minute and close minute, and data time interval. The line 5 shows 

the data column information and the intraday stock trading data starts from the line 8 with 

timestamp, close, high, low, open price data and trading volume based on 1 minute time 

period. Figure 3-13 shows Apple HFT intraday data from Bloomberg. Bloomberg 

provide a millisecond tick by tick data. The first line shows the stock information, the 2
nd
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line shows the column names and the data starts from the 3
rd

 line. Bloomberg only 

provides BID, ASK, and TRADE data. 

AAPL UW Equity_0 

type, time, size, value, exchange code, condition code 

BID,2014-09-04T16:15:12.000Z,8,99.52,, 

BID,2014-09-04T16:15:12.001Z,9,99.52,, 

BID,2014-09-04T16:15:12.002Z,9,99.52,, 

TRADE,2014-09-02T17:38:58.008Z,100,103.215,, 

BID,2014-09-02T17:38:58.009Z,16,103.21,, 

BID,2014-09-02T17:38:58.010Z,16,103.21,, 

TRADE,2014-09-02T17:38:58.011Z,100,103.215,, 

TRADE,2014-09-02T17:38:58.012Z,100,103.21,, 

ASK,2014-09-02T17:38:58.013Z,5,103.22,, 

BID,2014-09-02T17:38:58.014Z,15,103.21,, 

BID,2014-09-02T17:38:58.015Z,15,103.21,, 

TRADE,2014-09-02T17:38:58.000Z,100,103.215,, 

ASK,2014-09-02T17:38:58.001Z,4,103.22,, 

BID,2014-09-02T17:38:58.002Z,19,103.21,, 

BID,2014-09-02T17:38:58.003Z,19,103.21,, 

BID,2014-09-02T17:38:58.004Z,18,103.21,, 

BID,2014-09-02T17:38:58.005Z,18,103.21,, 

BID,2014-09-02T17:38:58.006Z,17,103.21,, 

BID,2014-09-02T17:38:58.007Z,17,103.21,, 

…. 

 

Figure 3-13: Bloomberg intraday tick data for APPLE 

Connection Manager provides the functions to access intraday trading data from Google, 

Yahoo, and Bloomberg. Then, Data Manger calls Data Loader to extract the intraday 

trading price data. Since the time intervals of HFT data are not constant, most of the real-

time intraday trading data still needs the cleaning process after loading the data.  

Stock price time series data has various trading time intervals or is irregularly spaced 

over time, and the first data normalization process begins with filling all missing values 

from the precious data. Since Google Finance and Yahoo Finance intraday bar data use a 

Unix timestamp to represent the date, we will start with converting these time stamps to 
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the proper GMT time zone. The following Tables 3-1 ~ Table 3-3 show the first data 

normalization process. 

Table 3-1: HTF data normalization step 1 (APPLE intraday 1-minute trading data) 

trading_date CLOSE HIGH LOW OPEN VOLUME 

2017-01-24 9:30 119.59 119.59 119.53 119.55 420367 

2017-01-24 9:31 119.71 119.74 119.5 119.56 208511 

2017-01-24 9:32 119.81 119.88 119.7 119.7 183313 

2017-01-24 9:33 119.72 119.85 119.7 119.815 156553 

2017-01-24 9:34 119.76 119.86 119.67 119.74 202587 

2017-01-24 9:35 119.875 119.88 119.73 119.76 147147 

2017-01-24 9:36 119.95 120 119.87 119.88 221011 

2017-01-24 9:37 119.93 119.99 119.9 119.95 111581 

… … … … … … 

 
Table 3-2: HTF data normalization step 2 (S&P500 intraday 1-minute closing price) 

 

A AAL AAP AAPL ABBV ABC ABT … 

2017-01-24 9:30 47.76 47 NA 119.59 60.91 84.7 NA … 

2017-01-24 9:31 47.8 47.148 168.69 119.71 60.895 84.85 40.325 … 

2017-01-24 9:32 47.85 47.09 168.1 119.81 60.9 84.82 40.33 … 

2017-01-24 9:33 48.1 46.946 168.82 119.72 60.64 NA 40.345 … 

2017-01-24 9:34 48.03 46.8887 169.06 119.76 60.59 84.95 40.36 … 

2017-01-24 9:35 48.06 47.15 169.85 119.875 60.66 85.12 NA … 

2017-01-24 9:36 48 47.188 169.96 119.95 60.47 84.96 40.31 … 

2017-01-24 9:37 48.04 47.217 170.65 119.93 60.5 84.93 40.32 … 

… … … … … … … … … 
 

Table 3-3: HTF data normalization step 3 (S&P500 intraday 1-minutes closing price) 

 

A AAL AAP AAPL ABBV ABC ABT … 

2017-01-24 9:30 47.76 47 NA 119.59 60.91 84.7 NA … 

2017-01-24 9:31 47.8 47.148 168.69 119.71 60.895 84.85 40.325 … 

2017-01-24 9:32 47.85 47.09 168.1 119.81 60.9 84.82 40.33 … 

2017-01-24 9:33 48.1 46.946 168.82 119.72 60.64 84.82 40.345 … 

2017-01-24 9:34 48.03 46.8887 169.06 119.76 60.59 84.95 40.36 … 

2017-01-24 9:35 48.06 47.15 169.85 119.875 60.66 85.12 40.36 … 

2017-01-24 9:36 48 47.188 169.96 119.95 60.47 84.96 40.31 … 

2017-01-24 9:37 48.04 47.217 170.65 119.93 60.5 84.93 40.32 … 

2017-01-24 9:38 48.13 47.15 169.26 119.9499 60.45 84.55 40.28 … 

… … … … … … … … … 
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Figure 3-15 shows all of the 405 securities’ 1-minute time interval price movements and 

10-minute time interval price movements over time, starting from 2017-01-24 9:30 to 

2017-05-01 16:00. It is obvious that there is no significant difference in price movements 

caused by different time intervals.   

      

Figure 3-14: S&P500 stock prices 1minute vs 10-minute interval  
[2017-01-24 9:30~2017-05-01 16:00] 

 

3.6.1.1 Data Transformation and Test 

We provide six basic time series normalization functions. Each normalization 

function has a different strength. As we noted earlier in Section 3.4.1, return methods, 

including log returns, may not be sufficient to analyze the stock price data, although there 

are still many advantages. Therefore, we need to choose the normalization method to 

apply. The results of each normalization are in Appendix D.  
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Figure 3-16 shows a log return with two different time intervals. We compared 

intraday log returns of 1-minute and 10-minute bar data. It is very limited, but it is 

obvious that the two log returns are different due to single bar price changes. Increased 

time intervals may miss one that might be critical in HFT. Therefore, reducing the 

decision time is the most critical aspect of the HFT, so as to ensure that we do not miss 

any trading events. 

  
Figure 3-15: S&P500 1minute vs 10-minute log-return  

[2017-01-24 9:30~2017-05-01 16:00] 

The following Tables 3-4 ~ 3-6 show the top 10 and bottom 10 log returns at 1-minute 

time intervals and 10-minute time intervals. The difference between the two time 

intervals has been heightened. Another interesting result is that both the highest and the 

lowest returns are coming from around 9:30 am, which means the starting point of each 

trading day.   
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Table 3-4: Top 10 the highest & lowest log returns (1-minute interval) 

TOP 10 highest log return TOP 10 lowest log return 

JEC 2017-02-15 9:30 0.6919295 CMCSA  2017-02-14 9:30:00 -0.69394 

CTXS 2017-02-01 9:30 0.4873609 JEC  2017-02-14 9:30:00 -0.6914077 

MJN 2017-02-02 9:30 0.2256444 UAA  2017-01-31 9:30:00 -0.3188431 

BCR 2017-04-24 9:31 0.183006 UA  2017-01-31 9:30:00 -0.2894121 

VRTX 2017-03-29 9:30 0.1705993 HPE  2017-04-03 9:30:00 -0.275793 

FMC 2017-03-31 9:30 0.1443309 SYF  2017-04-28 9:30:00 -0.1877811 

HAS 2017-02-06 9:30 0.1328504 AYI  2017-04-04 9:30:00 -0.1615151 

MNST 2017-03-02 9:30 0.129118 TGT  2017-02-28 9:30:00 -0.1534288 

ATVI 2017-02-10 9:30 0.1245559 MAT  2017-01-26 9:30:00 -0.1461033 

STX 2017-01-25 9:30 0.1234649 LB  2017-02-23 9:30:00 -0.1418974 

 
Table 3-5: Top 10 the highest & lowest log returns (10-minute interval) 

TOP 10 highest log return TOP 10 lowest log return 

JEC 2017-02-15 9:30 0.6919295 CMCSA  2017-02-14 09:30:00 -0.69394 

CTXS 2017-02-01 9:30 0.4873609 JEC  2017-02-14 09:30:00 -0.69141 

MJN 2017-02-02 9:30 0.2256444 UAA  2017-01-31 09:30:00 -0.31884 

BCR 2017-04-24 9:40 0.183006 UA  2017-01-31 09:30:00 -0.28941 

VRTX 2017-03-29 9:30 0.1705993 HPE  2017-04-03 09:30:00 -0.27579 

FMC 2017-03-31 9:30 0.1443309 SYF  2017-04-28 09:30:00 -0.18778 

HAS 2017-02-06 9:30 0.1328504 AYI  2017-04-04 09:30:00 -0.16152 

MNST 2017-03-02 9:30 0.129118 HBI  2017-02-03 09:40:00 -0.16071 

SPLS 2017-04-04 9:40 0.1271379 TGT  2017-02-28 09:30:00 -0.15343 

ATVI 2017-02-10 9:30 0.1245559 MAT  2017-01-26 09:30:00 -0.1461 

 

Table 3-6: Top 10 the highest & lowest mean log returns over the period 
1minute interval 10minute interval 

Top 10 highest 

mean log returns 

Top 10 lowest mean log 

return 

Top 10 highest 

mean log returns 

Top 10 lowest mean log 

return 

CTXS 2.12983E-05  CMCSA  -2.3505E-05 CTXS 0.000208  CMCSA  -2.3505E-05 

VRTX 1.47826E-05  RIG  -1.2383E-05 VRTX 0.000145  RIG  -1.2383E-05 

IDXX 0.000012297 MAT  -1.2181E-05 IDXX 0.00012 MAT  -1.2181E-05 

ATVI 1.17111E-05 UAA  -1.102E-05 ATVI 0.000115 UAA  -1.102E-05 

WYNN 1.14509E-05  CF  -1.0803E-05 WYNN 0.000112  CF  -1.0803E-05 

BCR 1.07088E-05  HP  -1.0362E-05 BCR 0.000105  HP  -1.0362E-05 

LRCX 1.03478E-05  UA  -1.0293E-05 LRCX 0.000101  UA  -1.0293E-05 

 HPQ 9.45572E-06 GWW  -9.8942E-06 CERN 9.12E-05 GWW  -9.8942E-06 

CERN 9.32801E-06 RRC  -9.7021E-06 ISRG 8.98E-05 RRC  -9.7021E-06 
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Figure 3-16: S&P500 1-minute vs 10-minute log return daily distribution 

Figure 3-17 shows the log returns for each 1- minute bar for one day for all S&P 500 

securities from January 24, 2017 ~ May 1, 2017. Both results show the highest volatility 

at the beginning of each trading date. The highest volatility at the beginning of the day 

can explain the increase in trading volume overnight. It also means that stock prices are 

adjusted very quickly to market prices during the trading day.  

Figures 3-18 ~ 3-21 show the overall normalization results for each normalization 

function. Because the Tanh method refers to the zScore normalization method, the zScore 

and Tanh normalization results for each security are very similar. The zScore method 

normalizes values to close to zero between 4 and -4 and Tanh method shows the smallest 

variance except log returns. MinMax results are normalized between 0 to 1. Table 3-7 

shows that the Log return method has the smallest variance among 5 methods and the 

MedMAD method has the highest variance, meaning that it is sensitive to the outliers. 
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Figure 3-22 and Figure 3-23 show the mean and variance of each method. As the results 

indicate, MedMAD has the highest variance as well as the highest mean. 

  
Figure 3-17: S&P500 zscore normalization  

[2017-01-24 9:30~2017-05-01 16:00] 

 
Figure 3-18: S&P500 min-max normalization  

[2017-01-24 9:30~2017-05-01 16:00] 
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Figure 3-19: S&P500 med-mad normalization  

[2017-01-24 9:30~2017-05-01 16:00] 

 
Figure 3-20: S&P500 tanh estimator normalization  

[2017-01-24 9:30~2017-05-01 16:00] 
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Table 3-7: Comparison of mean and variance for different normalization methods 

  

Mean Variance 

Mean Max Min Mean Max Min 

zScore (1) -4.54361E-19 6.44782E-15 -6.6441E-15 1 1 1 

minMax (2) 0.509379 0.8447316 0.2059281 0.05137846 0.1508389 0.01301456 

medMAD (3) -0.08355606 19.26268 -3.60458 6.47069 1321.494 0.9298104 

Tanh (4) 0.5 0.5000004 0.4999992 2.50048E-05 2.50608E-05 2.50024E-05 

log returns (5) 1.21147E-06 2.12983E-05 -2.35047E-05 7.13274E-07 3.66219E-05 7.29307E-08 

price 
95.04985 1712.318 5.82193 38.01877 6666.291 0.03170029 

 

 
Figure 3-21: S&P 500 stocks’ normalization mean 

(1: zscore, 2:min-max, 3:med-mad 4: tanh, 5: log returns) 
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Figure 3-22: S&P 500 stocks’ normalization variance 

(1: zscore, 2:min-max, 3:med-mad 4: tanh, 5: log returns) 

 

3.6.1.2 Time Series Stationarity Test 

As we already mentioned in the previous section, stock prices are basically not 

stationary. It is generally assumed that the stock price returns are stationary and have a 

unit root. A unit root is called integrated of order 1, I(1). Figures 3-24 and 3-25 show that 

the financial time series becomes a stationary process after transforming to the log return,  

 𝒓𝒕 = 𝒍𝒏(𝒙𝒕) − 𝒍𝒏(𝒙𝒕−𝟏). (3-35) 

Figure 3-24 (left) and 3-25 (left) show why financial prices are nonstationary. Figure 

3-24 shows the intraday prices and log returns of Apple stock in 2017-02-15. In this 

result, the log-return series crosses the zero level many times during the historical period, 

and it appears consistent with a covariance-stationary time series. Therefore, stock price 
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movements do not have a constant mean or variance (left) over time, but there is a 

constant mean and variance in log returns (right). Figure 3-25 shows the distributions of 

intraday prices and log returns of Apple stock in 2017-02-15. The log return (right) 

distribution is close to the normal distribution and has 𝑚𝑒𝑎𝑛(𝑟𝑡) ≈ 0 and  𝑣𝑎𝑟(𝑟𝑡) < ∞. 

          
Figure 3-23: Apple stock intraday price and intraday log return  

        
Figure 3-24: Apple stock intraday price and intraday log return distribution 
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In order to test the stationarity, we need to apply the Augmented Dickey-Fuller (ADF) 

test. When we apply the ADF test, the result indicates that the Apple stock prices are not 

stationary: its p-value (0.5686) > 0.05, but the log returns are stationary: its p-value is 

0.01. Figure 3-26 shows ADF test results for each Apple price and log returns. 

Augmented Dickey-Fuller Test 

 

data:  data0[, "AAPL"] 

Dickey-Fuller = -2.023, Lag order = 16, p-value = 0.5686 

alternative hypothesis: stationary 

 

Augmented Dickey-Fuller Test 

 

data:  r.AAPL 

Dickey-Fuller = -14.389, Lag order = 16, p-value = 0.01 

alternative hypothesis: stationary 

 

Figure 3-25: Apple stock price value (left) and log return (right) ADF test 
 

        
Figure 3-26: S&P500 securities intraday prices (left) and log return (right) ADF test 

Figure 3-27 shows the results of the ADF test for pricing and the log returns for all 

S&P500 securities. Most of S&P500 securities’ prices are not stationary. Most of the 

ADF test results for the price (left) exceed the acceptable range (0.05), while the ADF 

test results of the log-return (right) show that they can be in a stationary process: p-value 
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(0.01) < 0.05. The log return time series appears to be consistent with covariance 

stationary time series, but the results may be due to a certain trend. Therefore, we will 

provide an Auto-Correlation Test (ACF) process to find the best model for transforming 

time series data. 

     
Figure 3-27: Apple stock price (left) and log return (right) auto-correlation test 

Figure 3-28 shows the results of autocorrelation testing for Apple stock prices and log 

returns. As we can see from the graph, the autocorrelation test results showed a tendency 

to decrease and the coefficient exceeded the acceptance rate (t<0.05), while the results of 

the autocorrelation test for the log return shows close to or less than the acceptance rate, 

0.05.  

The following Table 3-8 shows the stationarity test results for S&P 500 securities. 

We applied a simple ADF test over four different time periods based on the stock prices 

for one month and log returns from 1-minute bar data. As we already mentioned in the 
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previous section, the result of log return shows all securities passed this stationarity test, 

while stock price data has passed less than about 10%. However, when we checked the 

full period, price data has not yet passed this test.  

Table 3-8: ADF test results of S&P 500 securities based on 4 different time periods 

Start Date 
Stock Price Log return 

Mean Max Min p<0.05 Mean Max Min p<0.05 

2017-01-24 9:31 0.458446 0.99 0.01 36 0.01 0.01 0.01 495 

2017-02-24 9:31 0.429408 0.99 0.01 57 0.01 0.01 0.01 495 

2017-03-24 9:31 0.47153 0.99 0.01 49 0.01 0.01 0.01 495 

2017-04-24 9:31 0.476419 0.99 0.01 34 0.01 0.01 0.01 495 

Full period 0.458951 0.99 0.01 0 0.01 0.01 0.01 495 

 
 

 
Figure 3-28: ADF test results for 1-minute stock price for 4 different monthly periods 
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Figure 3-29 shows the ADF test results for stock prices for one month in four different 

time periods, and Figure 3-30 shows the ADF test results for log returns. We also tested 4 

different normalized price data using the zScore, MinMax, MedMAD and Tanh methods. 

All these results are exactly the same as the stock price results, since these normalization 

methods scale the stock price and do not affect the stationarity.   

 
Figure 3-29: ADF test results for log returns for 4 different monthly periods 

 

3.6.2 HFT two-stage dynamic trading 

The dynamic pair trading process consists of two stages: i) a learning process that 

finds acceptable pairs and ii) a decision process that supports trading decisions. After 

completing the data transformation process, including the stationarity test, we start the 

data analysis process that adopts SNA techniques to build the temporal network and find 

the most acceptable pairs. First, we calculate the correlation coefficient for all 495 
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securities using the ‘Spearman’, ‘Pearson’ and ‘Kendall’ methods. This method has a 

minimum threshold of 0.4 based on the 1-minute log-return data from the previous 

section. When we test Spearman’s correlation coefficient on 495 securities’ 1-minute bar 

log returns, there are 360 securities and 11,667 pairs selected with the minimum 

correlation threshold (0.4) out of 495 securities with 122,265 relationships.  

 
Figure 3-30: Temporal network [2017-01-24] from stock log return correlation 

(V(g) = 360, E(g) 11,667) 
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Figure 3-31 shows a temporal network based on correlations between each pair of 

securities during the day. We build a temporal network based on the rolling window size 

for the entire learning period. As a result, there will be about 800 temporal networks with 

a 10-minute lag rolling window in a month. We calculate centrality from each individual 

temporal network and accumulate this value during the learning period. The thickness of 

edge in a network shows the correlation between two securities. The higher correlation 

shows the stronger relationship between two securities. 

We build a set of one day temporal networks over a one month learning period using 

a 10-minute rolling forward based on 1-minute bar stock log-return data. Next, we apply 

SNA technology to find the best acceptable pairs from all companies in S&P 500. Table 

3-9 shows the result of the first learning period based on degree centrality, betweenness 

centrality, and closeness centrality. We select the most centralized security and the top 10 

pairs that have the highest correlation with this security in terms of centrality.  

Table 3-9: Top 10 highest securities from centrality from the first learning period  
[2017-01-24 09:30:00/2017-02-23 16:00:00] 

 
Degree Centrality Betweenness Centrality Closeness Centrality 

1 BBT 0.211067 VTR 0.012694 BBT 0.211732 

2 USB 0.211004 NTRS 0.012448 USB 0.210501 

3 JPM 0.201254 GIS 0.012063 HBAN 0.210478 

4 STI 0.191138 PNC 0.011495 C 0.210437 

5 PRU 0.191125 AXP 0.011442 STI 0.210298 

6 SCHW 0.188785 PCG 0.011389 SYF 0.209939 

7 HBAN 0.188562 FAST 0.011325 FITB 0.209864 

8 IVZ 0.181181 NEE 0.011015 COF 0.209605 

9 MET 0.181019 LNC 0.010619 IVZ 0.209535 

10 BAC 0.180964 WLTW 0.010574 LUK 0.209316 
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Figures 3-32 ~ 3-25 show the actual price change of securities including the highest 

centrality security during the 1-month learning period.  

 
Figure 3-31: 11 strongly correlated securities from degree centrality 

 

 
Figure 3-32: 11 strongly correlated securities betweenness degree centrality 
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Figure 3-33: 11 strongly correlated securities from closeness centrality 

After we find the top 10 highest correlation pairs with the highest centrality security 𝑋𝑡, 

we run a regression to find the 𝛽 ratio between the security and other 10 securities 𝑌𝑡 ,j, 

which are selected in the previous learning period. Since we expect the highest centrality 

security to influence the correlated securities, we use the highest centrality security as 𝑋𝑡 

and the strongly correlated other securities as 𝑌𝑡,𝑗. We tested simple linear regression:   

 𝒀𝒕,𝒋 = 𝜷𝑿𝒕 + 𝜺, (3-36) 

where 𝑋𝑡  is the highest centrality security and 𝑌𝑡,𝑗 is the j
th

 correlated security with 𝑋𝑡 (1 

< j < 10). We will use the 1-minute log return for each security. We have already tested it 

and know this log return is stationary. Figure 3-35 shows a regression summary between 

[BBT-STI], which is the first degree centrality pair. As you can see from the result, there 
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are very strong relationships, p-value < 2.2e-16, and the 𝛽=0.740219075 means that the 

expected value of 𝑌𝑡 at time t will be about 74% of 𝑋𝑡. R-squared, 0.5479 shows that 

approximately 55% of the observed data fits this regression model. The following Table 

3-10 shows the first regression analysis result of the degree centrality pairs. 

Call: 

lm(formula = y ~ x + 0) 

 

Residuals: 

     Min       1Q   Median       3Q      Max  

-16.3864  -0.2747  -0.0051   0.2653  17.9376  

 

Coefficients: 

  Estimate Std. Error t value Pr(>|t|)     

x  0.74022    0.00725   102.1   <2e-16 *** 

--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Residual standard error: 0.6724 on 8600 degrees of freedom 

Multiple R-squared:  0.5479, Adjusted R-squared:  0.5479  

F-statistic: 1.042e+04 on 1 and 8600 DF,  p-value: < 2.2e-16 

 

Figure 3-34: BBT-STI degree centrality pair regression summary 
 
 

Table 3-10: Degree centrality regression analysis result  
[2017-01-24 09:30:00/2017-02-23 16:00:00] 

 𝑋𝑡 𝑌𝑡 beta p-value R-squared 

BBT STI 0.740219075 0 0.54792428 

BBT USB 0.752991574 0 0.566996311 

BBT HBAN 0.709268503 0 0.503061809 

BBT ZION 0.682144736 0 0.465321441 

BBT PNC 0.727149805 0 0.528746839 

BBT FITB 0.627808241 0 0.394143188 

BBT BAC 0.667776181 0 0.445925028 

BBT JPM 0.707176536 0 0.500098653 

BBT MS 0.671748369 0 0.451245872 

BBT CMA 0.660191093 0 0.435852279 
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Figure 3-36 shows a regression summary between [VTR-HCN] which is the first 

betweenness centrality pair. As it indicates, the p-value < 2.2e-16 rejects the null 

hypothesis. Therefore, since there is no statistically significant difference between the 

VTR stock price and HCN stock price movement, there may be some relationships 

between two stock price movements, and 𝛽 = 0.561480 means that the expected value 𝑌𝑡 

at time t will be 56% of 𝑋𝑡. R-squared, 0.3154 shows that about 32% of observed data fits 

this regression model.  

Call: 

lm(formula = y ~ x + 0) 

 

Residuals: 

     Min       1Q   Median       3Q      Max  

-16.5742  -0.3766  -0.0011   0.3760  13.3556  

 

Coefficients: 

  Estimate Std. Error t value Pr(>|t|)     

x 0.561580   0.008922   62.94   <2e-16 *** 

--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Residual standard error: 0.8274 on 8600 degrees of freedom 

Multiple R-squared:  0.3154, Adjusted R-squared:  0.3153  

F-statistic:  3962 on 1 and 8600 DF,  p-value: < 2.2e-16 

Figure 3-35: VTR-HCN betweennes centrality pair regression summary 
 

Table 3-11 shows that the top 10 pairs with the highest betweenness centrality all reject 

the null hypotheses. All pairs of Degree and Betweenness centrality have proven that 

there is no significant evidence of a particular example to avoid this regression model. 

We calculate 𝛽 based on the price log return and apply 𝛽 to calculate a spread. When 

applying the trading process, we calculate the spread using the stock price.  
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Table 3-11: Betweennes regression analysis result 
[2017-01-24 09:30:00/2017-02-23 16:00:00] 

𝑋𝑡 𝑌𝑡 beta p-value R-squared 

VTR 

HCN 0.561580497 0 0.315372654 

O 0.467657329 0 0.218703377 

HCP 0.45630177 0 0.208211306 

KIM 0.43629855 0 0.190356425 

PLD 0.419666251 0 0.176119762 

AIV 0.400977639 0 0.160783067 

UDR 0.346135452 1.1864E-240 0.119809751 

DLR 0.32845727 1.6948E-215 0.107884178 

EXR 0.326344539 1.3353E-212 0.106500758 

FRT 0.328235602 3.4206E-215 0.10773861 

 

 
Figure 3-36: Comparison between log return of spread and spread of price log return 
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Figure 3-37 shows the difference between calculating a log return in a Spread and 

calculating the spread in a price log return. These two values are the same, but Spread’s 

log return rate is slightly higher. Price variance is already affected by high variance 

compared to the log return of a spread with log variance. When we calculate the return 

performance, we first calculate the price log return and apply the spread.  

Figures 3-38 ~ 3-39 show the degree centrality pairs’ trading results. Figure 3-38 

shows the first degree centrality pair [BBT-STI]’s normalized stock price movements 

during the first trading period and the spread with its mean and variance. During this first 

trading period, both prices move very closely. 

 
Figure 3-37: Normalized stock price movement with a spread  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 



 

105 

 

Table 3-12: DC Pair [BBT – STI]’s daily cumulative log return and # of tradings  
[2017-02-24 09:30:00/2017-03-23 16:00:00] 

  

Long Short Long & Short 

daily 

cumulated log 

return 

# of 

trading 

daily 

cumulated log 

return 

# of 

trading 

daily cumulated 

log return 

# of 

trading 

2017-02-24 0.001722 1 0.001688 1 0.00341033 2 

2017-02-27 0 0 -0.013568 1 -0.01356792 1 

2017-02-28 0.000686 1 0 0 0.000686001 1 

2017-03-01 0 0 -0.003075 1 -0.00307494 1 

2017-03-02 -0.020037 1 -0.000596 1 -0.02063311 2 

2017-03-03 0.009613 1 0.000951 1 0.01056405 2 

2017-03-06 0.002014 1 0.003604 1 0.005617958 2 

2017-03-07 0 0 -0.010978 1 -0.01097791 1 

2017-03-08 0 0 0.003896 1 0.003896494 1 

2017-03-09 0.000437 1 0 0 0.00043663 1 

2017-03-10 0.002185 1 0.00879 1 0.01097463 2 

2017-03-13 -0.001483 1 0.010144 1 0.008661308 2 

2017-03-14 -0.001256 1 0.001168 1 -8.74504E-05 2 

2017-03-15 -0.008622 1 0.005885 1 -0.002736343 2 

2017-03-16 0.009541 1 0.004741 1 0.01428206 2 

2017-03-17 0.00841 1 0.001097 1 0.009507496 2 

2017-03-20 -0.003078 1 0.004035 1 0.00095709 2 

2017-03-21 -0.054463 1 0 0 -0.05446305 1 

2017-03-22 0.006995 1 0 0 0.006995478 1 

2017-03-23 0 0 -0.010032 1 -0.01003214 1 

Total -0.047335 15 0.007751 16 -0.039583339 31 

Average -0.002367 0.75 0.000388 0.8 -0.001979167 1.55 

 

Table 3-12 shows the daily cumulative log returns and the number of daily tradings for 

the first degree centrality pair [BBT-STI] during the first one month learning period 

[2017-01-24 09:30 ~ 2017-02-23 16:00]. We have tested three models of long only, short 

only and long & short model. This result shows that this first pair has a much larger 
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negative return than a positive return. Figure 3-39 shows each trading entry and exit 

position during the first trading period.  

 
Figure 3-38: Degree centrality pair trading entry and exit position  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 

 

Figures 3-40 ~ 3-41 show the betweenness centrality pairs’ trading results. Figure 3-

40 shows the first betweenness centrality pair [VTR-HCN]’s normalized stock price 

movements during the first trading period and the spread with its mean and variance.  
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Figure 3-39: Normalized stock price movement with a spread  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 

  

Table 3-13 shows the daily cumulative log returns and the number of daily tradings for 

the first betweenness centrality pair [VTR-HCN] during the first one-month learning 

period [2017-01-24 09:30 ~ 2017-02-23 16:00]. We have tested three models of long 

only, short only and long & short model. This result shows that this first pair has much 

larger positive returns than negative returns. Figure 3-41 shows each trading entry and 

exit position during the first trading period.  
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Table 3-13: BC Pair [VTR – HCN]’s daily cumulative log return and # of tradings  
[2017-01-24 09:30:00/2017-02-23 16:00:00] 

  

Long Short Long & Short 

daily cumulated 

log return 

# of 

trading 

daily cumulated 

log return 

# of 

trading 

daily cumulated 

log return 

# of 

trading 

2017-02-24 0 0 -0.006471 1 -0.006471194 1 

2017-02-27 0.011608 2 0 0 0.011608377 2 

2017-02-28 0.002144 1 -0.00529 1 -0.003145615 2 

2017-03-01 0.005219 1 0 0 0.005219166 1 

2017-03-02 0.008109 1 -0.000135 1 0.007973654 2 

2017-03-03 0 0 -0.003507 1 -0.003507147 1 

2017-03-06 -0.009604 1 0 0 -0.009604229 1 

2017-03-07 0.00132 1 0.00037 1 0.001689326 2 

2017-03-08 0.000163 1 0 0 0.00016335 1 

2017-03-09 -0.020425 1 0 0 -0.020425256 1 

2017-03-10 0.001491 1 0.007532 1 0.009022514 2 

2017-03-13 0.005655 1 0.010084 2 0.015738825 3 

2017-03-14 0 0 -0.00355 1 -0.003550134 1 

2017-03-15 0 0 -0.021216 1 -0.021215558 1 

2017-03-16 0 0 -0.00044 1 -0.000439629 1 

2017-03-17 0.005036 1 0.01146 4 0.016496087 5 

2017-03-20 0.004212 1 0.009377 2 0.013589375 3 

2017-03-21 0 0 0.004216 1 0.004216455 1 

2017-03-22 0.010012 3 0.006783 2 0.016794438 5 

2017-03-23 0.004653 1 -0.012493 1 -0.00783993 2 

Total 0.029592 17 -0.003279 21 0.026312874 38 

Average 0.001345 0.772727 -0.000149 0.954545 0.00119604 1.727273 
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Figure 3-40: Betweenness centrality pair trading entry and exit position  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 

  

Table 3-14 shows the cumulative returns of the top 10 highest degree centrality pairs 

during the first trading period. Table 3-15 shows the cumulative returns for the top 10 

highest betweenness centrality pairs during the first trading period. This first month 

trading period result shows that the degree centrality pairs trading has more negative 

returns than positive returns, while the betweenness centrality pairs trading has more 

positive returns than negative returns. Table 3-16 shows the monthly return of degree, 

betweenness and closeness centrality pairs trading. 
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Table 3-14: Top 10 highest degree centrality cumulative log returns and # of tradings  
[2017-02-24 09:30:00/2017-03-23 16:00:00] 

Top1 

Centrality 

Strongest 

correlation 

Correlation 

Coefficient 

Long Short Long & Short 

cumulated 

log return 

# of 

trading 

cumulated 

log return 

# of 

trading 

cumulated 

log return 

# of 

trading 

BBT 

STI 0.10811564 -0.04733458 15 0.007751244 16 -0.0395833 31 

USB 0.10477052 0.07168513 16 0.031285319 19 0.10297045 35 

HBAN 0.10433171 -0.02457813 11 0.040573377 13 0.01599525 24 

ZION 0.10316711 -0.00158971 14 -0.015943907 10 -0.0175336 24 

PNC 0.10214196 -0.05571637 11 0.011479395 9 -0.0442369 20 

FITB 0.09833864 -0.08068957 14 -0.04989965 13 -0.1305892 27 

BAC 0.09613903 -0.10548476 17 0.038765879 14 -0.0667189 31 

JPM 0.09516122 0.00688432 14 0.016369518 11 0.02325383 25 

MS 0.09502850 0.01841416 17 0.051842398 14 0.07025656 31 

CMA 0.0928056 -0.00241694 11 0.026052602 12 0.02363566 23 

 Average -0.022083 14 0.0158276 13.1 -0.006255 27.1 

 

Table 3-15: Top 10 highest betweenness cumulative log return and # of tradings 
[2017-02-24 09:30:00/2017-03-23 16:00:00] 

Top1 

Centrality 

Strongest 

correlation 

Correlation 

Coefficient 

Long Short Long & Short 

cumulated 

log return 

# of 

trading 

cumulated 

log return 

# of 

trading 

cumulated 

log return 

# of 

trading 

VTR 

 

HCN 0.13610412 0.02959217 17 -0.00328 21 0.026313 38 

O 0.11310818 -0.02370093 9 -0.01189 10 -0.0356 19 

HCP 0.10913547 -0.06988034 19 0.268947 15 0.199067 34 

KIM 0.10693257 0.37183704 17 0.08677 8 0.458607 25 

PLD 0.10280493 -0.0567874 12 -0.03323 12 -0.09002 24 

AIV 0.09880434 -0.04967503 14 0.013127 19 -0.03655 33 

UDR 0.09460199 -0.04320149 13 -0.03308 14 -0.07628 27 

DLR 0.08378521 0.01218176 10 0.037013 16 0.049194 26 

EXR 0.07742733 -0.0244782 17 0.074408 18 0.049929 35 

FRT 0.07729588 -0.09157361 11 -0.04611 9 -0.13769 20 

 Average 0.005431 13.9 0.035268 14.2 0.040697 28.1 
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Table 3-16: SMA centrality pairs trading monthly returns  
[2017-02-24 09:30:00/2017-03-23 16:00:00] 

  

Degree centrality Betweenness centrality Closeness centrality 

Long Short 
Long& 

Short 
Long Short 

Long& 

Short 
Long Short 

Long& 

Short 

Feb-17 0.0009 0.0187 0.0196 -0.0096 -0.0245 -0.0341 0.0009 0.0187 0.0196 

Mar-17 0.2362 0.1839 0.4202 0.1115 -0.1874 -0.0759 0.3772 0.0586 0.4358 

Apr-17 -0.0838 0.0165 -0.0673 -0.6994 0.1185 -0.5808 -0.6856 0.1317 -0.5540 

May-17 -0.0061 
-

0.0057 
-0.0118 0.0053 -0.0052 0.0001 -0.0008 0.0080 0.0072 

Sum 0.1472 0.2134 0.3606 -0.5922 -0.0985 -0.6907 -0.3083 0.2170 -0.0913 

Average 0.0368 0.0533 0.0902 -0.1481 -0.0246 -0.1727 -0.0771 0.0542 -0.0228 

 

 

Figures 3-42 ~ 3-44 show the daily and cumulative returns for each degree, 

betweenness and closeness centrality pair trading strategy using SMA. The black line in 

the graph shows the S&P 500 index returns. All stocks in a portfolio are equally 

weighted. Only the degree centrality pairs trading shows positive cumulative returns, 

while the betweenness and closeness centrality pairs trading strategies show negative 

cumulative returns.  
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Figure 3-41: Degree centrality pair trading daily and cumulative returns 

[2017-02-24 09:30:00/2017-03-23 16:00:00] 

 
Figure 3-42: Betweenness centrality pair trading daily and cumulative returns  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 
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Figure 3-43: Closeness centrality pair trading daily and cumulative returns  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 

 

Finally, we extend the three learning results to a dynamic pair trading algorithm 

using the one-pass exponentially weighted moving average. As we previously 

demonstrated with the one-pass EWMA, 𝛼 is a weight that determines how quickly the 

previous values are smoothed. In our revised algorithm, a smaller 𝛼, close to 0, gives 

more weight on the present values and smooths it quickly, while a larger 𝛼, close to 1, 

gives a smaller weight to the present values and smooths it slowly. It is clear that 𝛼 is 

related to the variance. Therefore, how to choose 𝛼 is a critical part of the EWMA 

method, and many researchers are working on this. For HFT, we choose 𝛼=0.95 for fast 

smoothing. Table 3-17 shows all three returns for degree centrality, betweenness 
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centrality and closeness centrality pairs. Figures 3-45 ~ 47 show the daily and cumulative 

returns for each degree, betweenness and closeness centrality pair trading. The black line 

in the graph shows the S&P 500 index returns. All three results show positive cumulative 

returns except for the Betweenness centrality pairs long only trading strategy. Since the 

EWMA approach gives more weight on recent values, it is more sensitive to current price 

changes and results are positive returns. 

 

Table 3-17: EWMA different centralities pairs trading monthly cumulative returns 
[2017-02-24 09:30:00/2017-03-23 16:00:00] 

  

Degree centrality Betweenness centrality Closeness centrality 

Long Short 
Long& 

Short 
Long Short 

Long& 

Short 
Long Short 

Long& 

Short 

2017-02 0.000 0.035 0.035 -0.008 -0.027 -0.034 0.000 0.035 0.035 

2017-03 0.101 0.098 0.199 -0.061 0.024 -0.037 0.040 0.081 0.121 

2017-04 -0.012 0.042 0.030 -0.003 0.634 0.632 0.000 0.705 0.705 

2017-05 0.000 0.010 0.010 0.000 -0.021 -0.021 0.000 0.020 0.020 

Sum 0.089 0.186 0.274 -0.071 0.610 0.539 0.040 0.842 0.882 

Average 0.022 0.046 0.069 -0.018 0.153 0.135 0.010 0.210 0.220 
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Figure 3-44: Degree pair trading daily and cumulative returns 

[2017-02-24 09:30:00/2017-03-23 16:00:00] 

 

 
Figure 3-45: Betweenness centrality pair trading daily and cumulative returns  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 
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Figure 3-46: Closeness centrality pair trading daily and cumulative returns  

[2017-02-24 09:30:00/2017-03-23 16:00:00] 

 

3.7 Evaluation  

For the purpose of evaluation, we tested the running time of our revised one-pass 

EWMA and the standard deviation with the current R functions. Figure 3-48 shows the 

results. We generated 100 random numbers and ran each function for 10,000 times. The 

results of the new onePassEM and onePassSD run show the shortest time compared to 

other functions.  
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Figure 3-47: Running time comparison 

 

Table 3-18 ~ 3-19 compare the monthly returns for the S&P 500 index with our new 

dynamic pairs trading strategies using SMA and EWMA. Table 3-18 shows the monthly 

returns and risk for the S&P 500 index and SMA Centrality Long, Short and SMA Pair 

trading (SMAP) strategies. SMA degree centrality outperforms the S&P index returns for 

all three Long, Short, and SMA Pair trading (SMAP) strategies. SMA betweenness and 

closeness centralities underperformed the S&P 500 index returns with the exception of 

the closeness Short strategy. SMA monthly risk was all higher than S&P 500 index 

monthly risk, but the Sharpe ratios for SMA degree centrality has higher Sharpe ratio 

than S&P 500 index. Table 3-19 shows the monthly returns for the S&P 500 index and 

EWMA centrality Long, Short, EWMAP strategies. Most of the EWMA strategies 

significantly outperformed the S&P 500 index returns with the exception of the 
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betweenness Long strategy. EWMA monthly risk was all higher than S&P 500 index 

monthly risk, but the Sharpe ratios for EWMA pairs trading strategies have higher Sharpe 

ratio than S&P 500. 

Table 3-18: S&P500 index vs SMA pair trading monthly returns & risk 

  
S&P 

Index 

Degree centrality Betweenness centrality Closeness centrality 

Long Short SMAP Long Short SMAP Long Short SMAP 

2/24/2017~ 

2/28/2017 
-0.0005 0.0063 0.1309 0.1373 -0.0675 -0.1713 -0.2388 0.0063 0.1309 0.1373 

3/1/2017~ 
3/31/2017 

-0.0004 0.2157 0.1680 0.3836 0.1018 -0.1711 -0.0693 0.3444 0.0535 0.3979 

4/1/2017~ 

4/30/2017 
0.0100 -0.0926 0.0182 -0.0744 -0.7730 0.1310 -0.6420 -0.7578 0.1455 -0.6123 

5/1/2017 0.0363 -0.1281 -0.1204 -0.2486 0.1106 -0.1091 0.0016 -0.0161 0.1683 0.1522 

SUM 0.0455 0.0013 0.1966 0.1979 -0.6281 -0.3204 -0.9485 -0.4232 0.4983 0.0751 

Monthly 
Return 

0.0047 0.0672 0.0974 0.1646 -0.2704 -0.0450 -0.3153 -0.1408 0.0991 -0.0417 

Monthly 
Risk 

0.0213 0.1077 0.0920 0.1387 0.2993 0.1387 0.3302 0.3184 0.1551 0.3580 

Sharpe 
Ratio 

0.0256 0.5857 1.0134 1.1569 -0.9173 -0.3543 -0.9677 -0.4551 0.6117 -0.1281 

 

Table 3-19: S&P500 index vs EWMA pair trading monthly returns & risk 

  
S&P 

Index 

Degree centrality Betweenness centrality Closeness centrality 

Long Short EWMAP Long Short EWMAP Long Short EWMAP 

2/24/2017~ 

2/28/2017 
-0.0005 0.0000 0.2477 0.2477 -0.0523 -0.1875 -0.2398 0.0000 0.2477 0.2477 

3/1/2017~ 

3/31/2017 
-0.0004 0.0918 0.0896 0.1814 -0.0554 0.0215 -0.0338 0.0365 0.0743 0.1107 

4/1/2017~ 
4/30/2017 

0.0100 -0.0132 0.0465 0.0333 -0.0028 0.7009 0.6981 0.0000 0.7793 0.7793 

5/1/2017 0.0363 0.0000 0.2155 0.2155 0.0000 -0.4435 -0.4435 0.0000 0.4187 0.4187 

SUM 0.0455 0.0786 0.5992 0.6779 -0.1104 0.0914 -0.0190 0.0365 1.5200 1.5564 

Monthly 
Return 

0.0047 0.0405 0.0848 0.1253 -0.0322 0.2784 0.2461 0.0182 0.3843 0.4025 

Monthly 
Risk 

0.0213 0.0856 0.1106 0.1723 0.0412 0.4874 0.4903 0.0951 0.4849 0.5039 

Sharpe 
Ratio 

0.0256 0.4241 0.7295 0.7030 -0.8848 0.5626 0.4935 0.1479 0.7839 0.7905 
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3.8 Summary 

In this chapter, we proposed a new dynamic pair trading strategy that provides 

methods to identify pairs, including efficient and flexible historical trading data 

processing and analysis methods, according to the network structure of time series data. 

Our approach is based on two hypotheses: i) the performance of the central company is 

an indicator of the performance of the peripheral companies and ii) there is a positive 

relationship between the centrality and the performance of the company.  

First, we build a dynamic HFT network based on correlations of HFT price 

movements. Since HFT data is an irregular time series based on a tick-by-tick data, we 

have provided normalization and transformation functions for this HFT price data before 

applying it to the analysis process. Next, we test the regression model:  

 𝒀𝒕 = 𝜷𝑿𝒕 + 𝜺, (3-37) 

where 𝑋𝑡  is the stock price return of the highest centrality and 𝑌𝑡 is the price return of 

peripheral stocks, which is one of the top 10 highest correlated securities with 𝑋𝑡. This 

regression is then applied to the dynamic pairs trading algorithm to execute dynamic 

pairs trading strategies. Finally, we tested the dynamic pairs trading strategy for the S&P 

500 index constituents, and proved that the new dynamic pairs trading strategy 

outperformed the S&P 500 index performance.  
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Chapter 4 Contract Network Analysis 

A Contract Network is a temporal network based on a company’s contractual 

relationships extracted from its material contracts over a specific period of time. The SEC 

defines a material contract as follows: “Any contract calling for the acquisition or sale of 

any property, plant or equipment for a consideration exceeding 15 percent of such fixed 

assets of the registrant on a consolidated basis” is considered material. Material contracts 

in nature contain relevant information about the future performance of companies, and 

they are likely to contain highly proprietary information that highlights their economic 

importance (Li 2008). Although the SEC provides service to access firms’ material 

contracts through the EDGAR database, there are still many challenges to automatically 

analyze those contact data. Material contracts have high volume and unstructured or 

semi-structured formats known as “Big data”.   

Material contracts are the most important contracts entered by the company and are 

especially useful when analyzing contractual relationships between companies. Although 

the characteristics of material contracts emphasize their economic importance, there are 

some inferences that focus on material contracts caused by their ambiguous terminologies 

and wordings used in the unstructured format of contracts. Because each individual’s 

ability to process information is inherently different (Ackerman 1988), the influences on 

individual investors may become more divergent and less predictable over time. 

Therefore, the research on material contracts is very limited. While most of the research 
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focuses on the timing of firms’ financial information disclosure (some researchers 

consider the timing of material contract disclosures), there are very limited studies 

focusing on material contracts. We build contract networks based on the company’s 

contractual relationships extracted from material contracts that adopt SNA technology.  

4.1 General Overview of Contract Networks 

As financial markets are becoming more dynamic and evolving with the surrounding 

environment, it requires new trading strategies (Jagongo and Mutswenje, 2014). Our 

research topic is to build a new dynamic Contract Network that extends material 

contracts, which were considered as an independent single entity, to a multi-relational 

structure at the network level and analyze the company’s network position in the Contract 

Network to build a new trading strategy by adopting the SNA approach. 

Material contracts themselves contain relevant information about the future 

performance of companies, and they are likely to contain highly proprietary information 

that highlights their economic importance (Li 2008). Our initial research idea is that the 

company who has more contracts with others will have better future performance than 

others. We can quantitatively analyze relationships among entities in a network domain 

when we extend this idea to the network level by adopting SNA. We build a new 

hypothesis: there is some relationship between a company’s network position in a 

Contract Network and the performance of a company. 
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A Contract Network is a dynamic temporal network, based on a company’s 

contractual relationships extracted from its material contracts, that adopts SNA 

approaches. We adopt a three-year window consolidation method based on a typical 

business contract period. Each month, we build a Contract Network window that is a 

single Contract Network unit within a single time block. The Contract Network is 

integrated with all 36 Contract Network windows based on the three-year window 

consolidation method. Each cell contains the accumulated weight of each edge from 36 

Contract Network windows. Analysis will be done on this integrated Contract Network. 

Since a Contract Network is a novel model, there is no information about Contract 

Networks in the market. Therefore, the market is more likely to be inefficient in a 

Contract Network and there will more likely be investment opportunities.  

In order to successfully realize our solution, we should extract contractual 

relationships from material contracts. Challenges come from analyzing material 

contracts, since each material contract consists of un-structured data stored in a variety of 

different physical formats and of high volume. Also, ambiguous terminologies and 

wordings are used in this unstructured format of contracts. We adopt Apache UIMA to 

build our own text classification model to extract the company names from the text and 

transform the company names using a predefined stemming dictionary. 

Another challenge comes from the different frequencies of market data and contract 

data. Market data is very volatile over the period of a day, while contract data is more 

stable over time, especially in a 3 year window consolidation. Since Contract Network 
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data (centrality) is new data and has a long time frame (3 years), we need to investigate 

how the market will react to the contract data and how long it will take for the market to 

adjust to the contract data. In order to test the market reaction time, we apply different lag 

periods between stock performance data and Contract Network data based on the rolling 

window. We found that there is a positive relationship with about a 6-month lag between 

contract data and stock performance. 

We build a new trading strategy based on the hypothesis: there is a positive 

relationship between centrality and a stock’s performance. We build a dynamic Contract 

Network and calculate a centrality of each company. We create a portfolio based on the 

top 100 centrality stocks and another portfolio based on the bottom 100 centrality stocks. 

We compare the performance of these two groups. The higher centrality group is shown 

to slightly outperform the lower centrality group.  Also both the higher centrality group 

and lower centrality group outperform the S&P 500 index performance. 

In order to test our hypothesis: there is a positive relationship between a centrality 

and a stock’s performance, we apply regression analysis between a stock’s performance 

and its centrality. We test two regression models with different lags, one with no lag and 

one with a 6-month lag and we found that the 6-month lag regression model has a slightly 

higher R-squared value and lower p-value than the regression model without lag. 

Although there is no significant evidence of a relationship between stock performance 

and centrality, we found that there is a 6-month lag between Contract Network data and a 

stock performance. 



 

124 

 

SNA techniques are applied to both a new dynamic Contract Network and evaluation. 

Challenges come from efficiently maintaining the integrated Contract Network with the 3 

year window consolidation method. In order to efficiently maintain the integrated 

Contract Network, we adopt SNA techniques to build a simple Contract Network window 

and extend to a dynamic Contract Network by adopting the temporal network concept. 

We provide functions to efficiently maintain a dynamic Contract Network with time 

series rolling windows. We put the address of 36 contract windows into a queue using a 

linked list data structure. Therefore, when a new contract window is created, we remove 

the oldest window from the queue and add the new window into the queue. Therefore, the 

data of an integrated Contract Network is maintained by adding the new window data and 

subtracting the oldest window data without re-building a new network.  

The dynamic Contract Network is a new model that we built to quantify the dynamic 

contractual relationships based on moving windows. In a dynamic Contract Network, 

each node represents a company, each edge represents the contractual relationships 

between two companies, and the weight of an edge represents the number of contracts 

between two companies. Then, each Contract Network window is an 𝑁 × 𝑁 matrix, 

where 𝑁 is the number of nodes in a network and each cell contains the weight of each 

edge in a given time.  

To summarize our contributions, we first provide a new text classification model for 

material contracts that integrates Apache UIMA. Second, we develop a new dynamic 

Contract Network, which is a dynamic temporal network model based on a company’s 
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contractual relationships and provide the analytics system that supports a dynamic 

Contract Network by adopting SNA approaches. Finally, we create new financial 

knowledge, in the form of a quantified contractual relationship of a company, by 

adopting SNA techniques.  

4.2 Research Problems 

As stock markets are becoming more dynamic and evolving with the surrounding 

environment, it requires new trading strategies. Jagongo and Mutswenje (2014) found the 

most important factors influencing investment decisions include the reputation of the 

firm, the firm’s status in the industry, expected corporate earnings, profit, and condition 

of statement, and the firm’s past stock performance after conducting a survey with a 

small group of investors. It is evident that the firm’s direct performance is not the only 

important factor. In fact, the firm’s relative status and the relationship with others in the 

industry are crucial for future investment decisions. Therefore, our main question starts 

with “How will a firm’s relative position in contractual relationships with others 

influence future investment decisions in terms of stock performance?”   

Although SEC filings are available from EDGAR in a computer-readable format and 

there is easier access than the past, the analytical challenges associated with ‘Big’ data 

are derived from the fact that there are great variations in filing structure and 

terminologies. There are also difficulties in mining and discovering knowledge from huge 

amounts of data. To address these challenges, SNA technologies are used to analyze and 
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discover knowledge from material contracts. We provide an integrated contract data 

analytics system that incorporates a range of methods for analyzing material contract 

data. This includes extracting and analyzing material contract data. It is also important 

that an integrated contract data analytics system, which provides efficient and flexible 

analytical tasks, can be extended and applied to more research problems.   

In this thesis, we build an integrated contract data analytics system that supports the 

entire life cycle of big data analytics and provides an improved solution for data 

extraction, integration, analysis, and forecasting future financial performance. In order to 

analyze a contract network, we adopt several social network analysis (SNA) techniques. 

Technologies related to SNA are applied to a huge set of digital data for mining and 

discovering knowledge from correlations (Wu et al. 2014). The previous HFT trading 

learning process has been extended to a new contract network and the performance of the 

stock price has been tested on the hypothesis that there is a positive relationship between 

the centrality and the performance of the company. As a result, the performance of the 

central company affects the performance of the peripheral companies.  

4.3 Research Methodology 

We have already explained most of the methodologies in Chapter 3. In Chapter 3, we 

built HFT correlation networks to find the pair that has the highest centrality and showed 

how this pair outperformed others. As previously demonstrated in Section 3.3.3, SNA is a 

strategy for investigating social structures using network and graph theory (Otte et al. 



 

127 

 

2002). Although initially considered in sociology, SNA is an interdisciplinary technology 

that can be applied to various fields. Due to the social structure, SNA technology plays a 

significant role in extracting knowledge from big data.   

4.3.1 SNA Centrality 

One of the most important measures in SNA, centrality is used to quantify the 

importance or influence of an individual in a network based on its network position. We 

apply the three most standard centralities: degree centrality, closeness centrality, and 

betweenness centrality, and analyze how an individual firm’s position in a contract 

network relates to its performance. A node with higher degree centrality has more 

opportunities and alternatives than others that have lower degree centrality. Therefore, a 

firm with higher degree centrality has more power and more influences others. Another 

technique to measure the influence or importance to others is betweenness centrality, 

which is defined as the number of shortest paths in the graph that pass through the node 

divided by the total number of shortest paths. A firm with higher betweenness centrality 

acts as a more important intermediate to others. Closeness centrality shows how closely 

located to others the firm is. Using this information, a company with a higher level of 

closeness centrality can exercise more power and influence on others. The centrality 

techniques are already defined in Section 3.2.3.  
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4.3.2 Correlation 

Correlation is used to find any co-movements in the assets, but it has been considered 

not to be stable over time (Miao 2014). Therefore, the correlation has been applied to find 

short-term relationships. Correlation identifies pairs that move in the same or opposite 

direction. Most correlated stocks move in the same direction, but spreads for both stocks 

may continue to increase or decrease. Figure 3-6 shows an example of correlated stock 

pair movements and how the spread continues to decrease. 

 
Figure 4-1: Example of correlated stock price movements and the spread  

 

The most commonly used correlation coefficients are the Pearson correlation 

coefficient, Spearman’s rank correlation coefficient, and the Kendall tau rank correlation 
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coefficient. The Pearson correlation coefficient is a measure of the linear correlation 

between two random variables X and Y. Next, the coefficient value ranges between 1 and 

-1 inclusive, where 1 is a total positive correlation, 0 is no correlation, and -1 is a total 

negative correlation. The Pearson linear correlation coefficient of two variables X and Y 

is formally defined as the covariance of both variables divided by their product of 

standard deviations that act as a normalization factor.  

 
𝜸𝑿,𝒀 =

∑ (𝒙𝒊 − 𝒙𝒏
𝒊=𝟏 )(𝒚𝒊 − �̅�)

𝝈𝑿𝝈𝒀

 
(4-1) 

where �̅� is the mean of X, and 𝜎𝑋 is the standard deviation of X. Spearman’s rank 

correlation coefficient measures the correlation between two ranked variables using a 

monotonic function. The Spearman correlation coefficient is calculated similarly to the 

Pearson correlation coefficient between ranked variables. The formula for when there are 

tied ranks is the following: 

 
𝝆 =

∑ (𝒙𝒊 − 𝒙)(𝒚𝒊 − �̅�)𝒊

𝝈𝑿𝝈𝒀

, 

 

(4-2) 

where �̅� is the mean of the ranked variable X. Finally, Kendall’s correlation is a measure 

of rank correlation based on the similarity of the orderings of the data. As follows: 

 
𝝉 =

(𝒕𝒉𝒆 𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒄𝒐𝒏𝒄𝒐𝒓𝒅𝒂𝒏𝒕 𝒑𝒂𝒊𝒓𝒔) − (𝒕𝒉𝒆 𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒅𝒊𝒔𝒄𝒐𝒓𝒅𝒂𝒏𝒕 𝒑𝒂𝒊𝒓𝒔)

𝑵(𝑵 − 𝟏) 𝟐⁄
, 

 

(4-3) 

where 𝑁(𝑁 − 1) 2⁄  is the number of ordered pairs. 
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If there are any non-linear relationships in a monotonic fashion, Spearman’s rank 

correlation is thus more suitable for further analysis. Kendall’s tau coefficient usually has 

smaller values than Spearman’s rho coefficient, but those results tend to be very similar 

in nature. 

4.3.3 Nonstationary Regression Model 

In Chapter 3, we directly apply the linear regression model to find 𝛽. The regression 

model is the most common time series analysis of finding the relationship between 

certain pairs of time series data. However, problems arise when many linear regression 

models rely on the assumption of stationarity of the variables, whereas most 

macroeconomic, finance, monetary variables are nonstationary, presenting trends. When 

nonstationary time series data is used in a regression model, the results can provide a 

significant relationship with the irrelevant variables, called spurious regression (Granger 

and Newbols, 1974). Granger and Newbols (1974) suggested that if the regression result 

shows high R-squared and low Durbin-Watson statistics for autocorrelation, then it can 

be a signal of a spurious regression. When estimating a regression model using time 

series data, it is important to determine whether the time series data is stationary to avoid 

any potential spurious regression problems. The regression model helps to find the 𝛽 that 

best fits the response variable for the predictor variable. As a result, a simple linear 

regression model is defined as: 
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 𝒚𝒊 = 𝜷𝟎 + 𝜷𝟏𝒙𝒊 + 𝜺𝒊, 𝒊 = 𝟏, … , 𝒏 
 

(4-4) 

where 𝑦𝑖 is a response variable, 𝑥𝑖 is a predictor variable, 𝛽0 is an interceptor, 𝛽1 is a 

slope between 𝑦𝑖, and 𝑥𝑖 and 𝜀𝑖 is an error term. Then, the expected 𝑦𝑖 can be calculated 

as follows: 

 𝒚�̂� = 𝜷�̂� + 𝜷�̂�𝒙𝒊,   
 

(4-5) 

where the hat notation indicates the expected variables. The residual 𝑒𝑖 is the difference 

between the expected response value  𝑦�̂� and the real response value 𝑦𝑖: 𝑒𝑖 = 𝑦�̂� − 𝑦𝑖.  

Therefore, the linear regression model obtains the parameters that minimize the sum of 

squared residuals. The most common linear regression method to estimate 𝛽 is an 

ordinary least square (OLS) method. In the OLS method, the parameters 𝛽0 and 𝛽1 can be 

easily calculated. For example: 

 
𝜷�̂� = ∑

(𝒙𝒊 − 𝒙)(𝒚𝒊 − �̅�)

(𝒙𝒊 − 𝒙)𝟐

𝒏

𝒊=𝟏

, 𝒂𝒏𝒅 𝜷�̂� = �̅� − 𝜷�̂�𝒙 

 

(4-6) 

where �̅� indicates the mean of 𝑥 and �̅� indicates the mean of 𝑦. We also can have 

multiple predictor variables. We used this OLS method to find 𝛽 in the previous chapter 

and use this 𝛽 to calculate a spread. 

We extend this simple regression model to find long-term relationships between two 

non-stationary time series data. If the time series data is nonstationary, then we can find 

the first order integrated process I(1), which may be a stationary process. If two time 

series data, 𝑥𝑡  𝑎𝑛𝑑 𝑦𝑡, are I(1), then the linear combination of them, 𝑧𝑡, will be generally 

I(1) and nonstationary. If the two time series share a common trend, it is possible that the 
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linear combination of two non-stationary time series is stationary and the two time series 

data are called cointegrated. Therefore, most of the cointegration relationships are found 

in pairs that share some common factors, such as the same industry sector. Figure 4-1 

shows an example of two cointegrated time series (Upper) and spread (Lower) 

movements over time. The two time series are non-stationary processes, whose mean is 

increasing over time, but the spread of these two time series data is stationary, which has 

a constant mean and variance over time.  

 
Figure 4-2: Co-integration pair 
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The cointegration method is the most commonly used method to test long-run 

relationships between certain pairs of financial time series variables (SØrensen 2005). 

The most famous example is “A drunk and her dog”.  

“A lady leaves a pub to go home with her dog, the lady is drunk and goes on a 

random walk, the dog also goes on a random walk. They approach a busy road and 

the lady puts her dog on a lead, the lady and the dog are now cointegrated. They 

can both go on random walks but the maximum distance they can move away from 

each other is fixed as the length of the lead (Murray 1994)”. 

By this definition, two time series 𝑥𝑡 and 𝑦𝑡 are said to be cointegrated if there exists a 

parameter 𝛼 such that the residual 

 𝒖𝒕 = 𝒚𝒕 − 𝜶𝒙𝒕 
 

(4-7) 

is a stationary process. In the cointegration process, we first build a linear regression 

model based on the natural log stock prices instead of raw prices in order to ensure the 

price level independency (Gundersen, 2014), as follows:  

 𝒍𝒏(𝒚𝒕) =  𝜷𝟎 + 𝜷𝟏𝒍𝒏 (𝒙𝒕) + 𝒖𝒕 
 

(4-8) 

where the slope coefficient 𝛽1 is referred to as the cointegration coefficient between two 

time series 𝑥𝑡 and 𝑦𝑡. If two time series are cointegrated, then there is  

 𝒖𝒕 = 𝒍𝒏 (𝒚𝒕) − 𝜶 ∗ 𝒍𝒏 (𝒙𝒕) 
 

(4-9) 

which is stationary, meaning there is a constant and fixed variable with a constant mean 

over time. We can apply the cointegration coefficient value to a pair trading strategy. 
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4.3.4 Unstructured Information Management Architecture (UIMA) 

Unstructured information represents the largest and fastest growing source of 

information. UIMA is a component architecture and software framework implementation 

for the analysis of unstructured data [https://uima.apache.org/]. It transforms unstructured 

information into structured information by integrating analysis engines to detect entities 

or relations that might help to build an unstructured data transformation. The main benefit 

of using UIMA is that it is easy to plug in any other analysis components and combine 

them together. UIMA is responsible for the integration and management of multiple 

annotators. It provides multiple components for powerful text search applications in 

unstructured documents such as tokenization, stemming, lemmatization, entity detection, 

and relation detections. Tokenization, stemming and lemmatization should precede entity 

detection or relation detections. The goal of both stemming and lemmatization is to 

reduce inflectional forms. If we define the rules as follows; 

am, are, is  be  

car, cars, car's, cars'  car 

then, the result of the mapping will be as follows: 

the boy's cars are different colors  the boy car be differ color 

4.4 Proposed Solution 

We present an integrated contract network analytics system that provides the 

functions to build new trading strategies based on contract networks. The contract 
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network has been extended from the previous HFT trading learning process by adding 

functions to extract contractual relationships from firms’ material contracts. First, we 

extend material contracts, which were considered as an independent single entity, to a 

multi-relational structure in the network level. Next, we investigate the relationships 

between the structural position of the firm in the network and the stock trading movement 

of the firm in the stock market. Then, we adopt the three-year window consolidation 

method, which states each year’s network is the union of that year’s reported 

relationships and those of the two prior years (Schilling and Phelps 2007, Kao et al. 

2015). Finally, we build a contract network window with material contracts that the firm 

filed via Form 8-K, 10-Q and 10-K.  

4.4.1 General solution with a proposed algorithm  

The general steps for the proposed solution are: 

1. We extract contractual relationships from material contracts.  

2. We build a contract network based on extracted contractual relationships.  

3. We apply social network analysis (SNA) techniques to test the structural position of 

several companies in the contract network and investigate the stock trading 

movements of companies with subsequent investment decision change.  

We develop the algorithms for unstructured data analytics that extract knowledge 

from contract documents using rule-based text classification. We define dictionary D for 

each classifier C to classify each company name x. A dictionary d contains the tokens of 

c. We tokenize each company name x and apply the rule classifier for the classification 
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process. Given a classifier C, a rule classifier R consists of a set of ground logical rule 

sentences.  

• Given a background knowledge B in a dictionary D, B consists of a set of ground 

logical facts t ∈ d, meaning that term t occurs in dictionary d.   

• A set P of positive examples as a set of ground logical facts d ∈ c, meaning that 

dictionary d belongs to the category c. Similarly, a set N of negative examples as 

a set of ground logical facts d ∉  c. Then, B contains all P and N. 

• Add rules to the dictionary D. Figure 4-2 shows the sample rules for company 

name classification. Based on the rule dictionary, we extract contractual 

relationships from a contract document. 

 
Figure 4-3: Sample rule dictionary stemming list 

Based on the contract information extracted from the material documents, a dynamic 

contract network is established and the centrality is calculated to investigate the structural 

position of the company in the contract network. 
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4.4.2 General solution with a contract network construction 

We use the extracted contractual relationship information to build a dynamic contract 

network based on the network representation. The contract network is a weighted 

undirected graph G = (V, E) where each node v represents a company, each edge e 

represents the contractual relationships between two companies and annotated with a time 

label λ(e) that specifies the time at which two endpoints “communicated”, and the weight 

of an edge represents the number of contracts between two companies in a given time. 

The contract network window is a single contract network within a single time block. The 

contract network is represented as 𝑁 × 𝑁 matrix, where 𝑁 is the number of nodes in a 

network. Each cell contains the accumulated weight of each edge from 36 contract 

network windows. We initially create a snapshot of the contracts network for a specific 

time interval and then build a contract network. Figure 4-3 shows a simple contract 

network with time intervals. 

 

Figure 4-4: Contract network with its time interval windows 

In the temporal network, information is displayed in order from the labeled path. That 

is, if the time label on the edge does not decrease, the time is respected. Based on this 
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temporal network representation, we apply SNA technologies in order to extract some 

important knowledge from the network structures, such as the centralities and clustering 

coefficient. 

4.4.3 Case study 

We apply Apache UIMA to extract the company names from the text. Figure 4-4 

shows the text classification process using the Apache UIMA (Unstructured Information 

Management Architecture) and text classification. 

 

Figure 4-5: Text classification process 

We read the first 50 lines of each document, because customer information is always 

located within the first paragraph of the contract. We then apply UIMA to extract the 

company names from the text and transform the company names using a predefined 

stemming dictionary. After the stemming process to all company names in the document 

is completed, the rule classification described in Section 4.3.1 is applied to identify the 
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company names by matching the company names with the S&P 500 company names. All 

identified S&P 500 company names are the final classifiers C that classify each company 

name x. At this point, we do not consider the hierarchy of the company. Therefore, 

Classifier C only includes the simplified names of the current S&P 500 index companies.  

 

4.5 Implementation 

We have provided an overview of the system architecture in Chapter 3. There are two 

more components to support contract networks: Text Manager and DB Connection. 

Figure 4-5 shows a big data analytics system for contract network architecture design. 

Our analytics system provides the interface to access Google and Yahoo Finance for 

daily historical stock trading data. It also allows access to the SEC EDGAR system for 

the company’s fundamental data sources. It also provides the interface to run JRI to 

support data transformation functions and network level analysis, and functions to run 

UIMA (apache). There are four basic components: Data Integration/Normalization, 

Network Analyzer, Simulation, and Interface Manager.  

Data Integration/Normalization includes two data-level components: Data Manager 

and Text Manager. The Text Manager processes a company’s fundamental data including 

text filtering, text information extraction, text information loading and text analysis. The 

Data Manager processes stock price time series data including loading, cleaning, 
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normalization, integration, and transformation. The Network Analyzer component 

provides network level functionality, including network generation, aggregation, and 

analysis. The Simulation component consists of trading level functions including 

transaction control, data monitoring, simulation, and analysis. Finally, the Interface 

Manager component provides interface level functions including data management, 

network management, trading simulation management, result analysis, configuration 

management and interface control.  

Our analytics system can provide a more efficient and flexible trading environment 

that can allow users to modify dynamic trading strategies at any time through the 

Configuration Manager. 
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Figure 4-6: System architecture design 

We build a database to store extracted contract information. The purpose of this 

database is to manage extracted contract information from the EDGAR system. Figure 4-

6 shows the database entity diagram in its entirety.  
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Figure 4-7: Database entity relationship diagram 

 

4.6 Experimental data and results 

4.6.1 Contract data extraction and Text data transformation 

Through the Edgar Database of the Securities and Exchange Commission (SEC), we 

extract filing company information including names, addresses, and standard industry 

classifications from 1994 to 2014, and collect material contracts that were filed to the 

SEC Edgar Database from one of the S&P 500 companies. In particular, through a variety 

of federal regulations, SEC requires that firms disclose their material contracts in the 
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Exhibit 10 area of their annual and quarterly reports (e.g. 10-K, 10-Q, 8-K, 8-Q, etc.). We 

filter the material contracts using the file type from the EDGAR system. When a firm 

files material contracts with SEC, the EDGAR system automatically adds a unique string 

“<TYPE>EX-10” to the top of every material contract for identification purposes (Li 

2013). Based on this feature, we download all current and periodic reports that contain 

material contracts and that were filed on the EDGAR system between 1994 and 2014. We 

only consider the firms that belong to S&P 500. After identifying material contracts, we 

will extract relevant descriptive information (e.g., form of the SEC report, filing date, 

contract type, the standard industrial classification (SIC), customer names) from each 

contract.  

After we collect material contracts, we extract contractual relationships among firms, 

as shown in Appendix E. Table E-1 shows the number of financial reports that was filed 

from the companies that belong to S&P 500. Table E-2 shows the number of material 

contract documents that extracted from each company filing report. Again, these material 

contracts are extracted only from S&P 500 companies. Table E-3 shows the number of 

contractual relationships extracted from each material contract document between firms 

who belong to the S&P 500 companies. 

Figures 4-7 ~ 4-9 show the text data cleaning process before extracting contractual 

relationships. First, Figure 4-7 shows a material contract that can be accessed from the 

SEC Edgar website, and Figure 4-8 shows the original text file we downloaded from the 
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SEC Edgar FTP server. The file is in a simple HTML format, and Figure 4-9 shows the 

plain text format after we remove any possible HTML tags.  

 
Figure 4-8: Material contract from SEC Edgar website. 
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Figure 4-9: Material contract text format downloaded from SEC Edgar ftp server 
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EX-10.2 

7 

dex102.htm 

AMENDED AND RESTATED CREDIT AGREEMENT 

 

Amended and Restated Credit Agreement 

 

Exhibit 10.2 

AMENDED AND RESTATED CREDIT AGREEMENT 

Dated as of August&nbsp; 24, 2010 

among      TOYS 

&#147;R&#148; US-DELAWARE, INC.,      as Borrower, 

and      BANK OF 

AMERICA, N.A.,       as Administrative Agent and as Collateral Agent,, 

GOLDMAN SACHS CREDIT PARTNERS L.P. 

and       JPMORGAN 

CHASE BANK, N.A.       as Syndication Agents, 

The Lenders Party Hereto, 

CREDIT SUISSE SECURITIES (USA) LLC 

and  WELLS FARGO BANK, N.A., 

as Documentation Agents, 

BANC OF AMERICA SECURITIES LLC, 

J.P. MORGAN SECURITIES INC. 

and       GOLDMAN 

SACHS LENDING PARTNERS LLC,      as Joint Lead Arrangers, 

…… 

Figure 4-10: Material contract text after the first cleaning process 

 

Tables 4-1 ~ 4-2 show the company name transformation process using the Apache 

UIMA (Unstructured Information Management Architecture) and the stemming process 

using a dictionary. Table 4-1 shows the text transformation process. We will apply a text 

transformation process to the company name extracted using Apache UIMA and a 

predefined dictionary. In this process, we remove all patterns in the stemming dictionary 

from the company name.  
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Table 4-1: Company name with UIMA and text transformation process 

Company Name extracted from Apache UIMA Company name after stemming process 

GOLDMAN SACHS CREDIT PARTNERS L.P. GOLDMAN SACHS CREDIT PARTNERS LP 

Lenders Party Hereto Lenders Party Hereto  

WELLS FARGO BANK WELLS FARGO BANK  

BANC OF AMERICA SECURITIES LLC BANC OF AMERICA SECURITIES LLC 

MORGAN SECURITIES INC. MORGAN SECURITIES INC 

GOLDMANSACHS LENDING PARTNERS LLC GOLDMANSACHS LENDING PARTNERS LLC 

Joint Lead Arrangers Joint Lead Arrangers  

BANC OFAMERICA SECURITIES LLC BANC OFAMERICA SECURITIES LLC 

MORGAN SECURITIES INC. MORGAN SECURITIES INC 

WELLS FARGO SECURITIES WELLS FARGO SECURITIES  

GOLDMAN SACHS LENDING PARTNERS LLC 

CREDIT SUISSE SECURITIES GOLDMAN SACHS LENDING PARTNERS LLC 

  CREDIT SUISSE SECURITIES  

USA USA  

DEUTSCHEBANK SECURITIES INC. DEUTSCHEBANK SECURITIES INC 

Joint Joint  

 

Table 4-2 shows the filing company name and extracted company names from the 

text transformation process. The tokens of each company name are then checked against 

the tokens of all S&P 500 company names. If the matching company name token count 

exceeds 70%, then the name is accepted. Figure 4-10 shows the final contractual 

relationships extracted from text transformation process. The text transformation process 

extracts contractual relationships from material contracts through the rule-based 

classification algorithm. Based on the contract information extracted from the material 

contract document, a dynamic contract network is established and the centrality is 

calculated to investigate the structural position of the company in the contract network.  
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Table 4-2: Company names from a material contract document 

Filing Company Name Company Names in the material contract 

TOYS R US INC 

GOLDMAN SACHS CREDIT PARTNERS LP 

Lenders Party Hereto  

WELLS FARGO BANK  

BANC OF AMERICA SECURITIES LLC 

MORGAN SECURITIES INC 

GOLDMANSACHS LENDING PARTNERS LLC 

Joint Lead Arrangers  

BANC OFAMERICA SECURITIES LLC 

MORGAN SECURITIES INC 

WELLS FARGO SECURITIES  

GOLDMAN SACHS LENDING PARTNERS LLC 

CREDIT SUISSE SECURITIES  

USA  

DEUTSCHEBANK SECURITIES INC 

Joint  

 

 
Figure 4-11: Contractual relationships extracted from material contracts 
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4.6.2 Contract Network and Stock Performance 

We build a dynamic contract network that represents the contractual relationships 

with the company and other companies, based on company information extracted from 

the material contract on the filing date. First, we extract the contractual relationship from 

the material contract and extend the material contract, which is regarded as an 

independent single entity, to a multi-relational structure in the network level. Next, we 

apply SNA techniques to test the structural position of different companies in the contract 

network and study the stock trading behavior of companies with a subsequent investment 

decision change.  

We investigate the relationships between the firms’ structural position in the network 

and their movement in the stock market. Then, we will adopt the three-year window 

consolidation approach, which claims each year’s network is the union of that year’s 

reported relationships and those of the two prior years (Schilling and Phelps 2007, Kao et 

al. 2015). As a result, the 2013-12 contract network builds on the material contracts filed 

during 2011-01-01 ~ 2013-12-31 with one-month rolling forward. Figure 4-11 shows the 

2013 contract network: N(V) = 203, N(E) = 725. 
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Figure 4-12: Contract network in 2013-12 

 

Once we build a dynamic contract network, the main objectives are to calculate 

centrality and find the highest and lowest centrality groups with degree, betweenness and 

closeness centrality. We select the highest 100 securities and the lowest 100 securities for 

the experiment. During each month, we build a new contract network and calculate the 

centralities. For each month after a learning period, we compare the performance of the 

highest 100 centrality group and the lowest 100 centrality group for the next twelve-
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month trading period. Table 4-3 shows the ticker symbols of the highest and lowest 

centrality securities extracted from the contract network based on 2011-01 ~2013-12. If 

we see the rank of each security, all three of the different centrality results are very close, 

especially those of the highest centrality security tickers. Therefore, we will take a 

relatively large number of tickers for the performance test. 

Table 4-3: Highest and lowest centrality security ticker list [2013-12] 

Rank 

Highest Lowest 

Degree Betweenness Closeness Degree Betweenness Closeness 

1 JPM JPM JPM AAL AAL YHOO 

2 WFC WFC WFC ACN ACN ZBH 

3 MS MS MS ADBE ADBE VIAB 

4 EQT EQT EQT AIG AIG VRSN 

5 V V V ALL ALL WAT 

6 BLK BLK BLK AMGN AMGN WDC 

7 FIS FIS FIS APC APC WHR 

8 BA BA BA AXP AXP BK 

9 DAL DAL DAL BAX BAX COF 

10 MET MET AAP BBT BBT FITB 

11 DUK INTC DUK BIIB BIIB STI 

12 INTC DUK INTC BK BK TGT 

13 NTAP NTAP MET BSX BSX TSN 

14 WYN WYN NTAP CA CA UPS 

15 AAP AAP WYN CAH CAH MLM 

16 AEP AEP AEP CBG CBG MO 

17 AMT AMT AMT CHK CHK MU 

18 C PNC CAG COF COF NEM 

19 CAG CAG CME CVS CVS NFX 

20 CME CME DPS CVX CVX NI 
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Stock price data is very volatile over intraday, while contract data is more stable over 

time, especially in a 3 year windows consolidation. Since the contract network data 

(centrality) is new data and has a long time frame (3 years), we need to investigate how 

the market will react to the contract data and how long it will take for the market to adjust 

the contract data. In order to test the market reaction time, we apply the different lag 

periods between stock performance data and contract network data based on the rolling 

window. Two processes are involved: learning process for calculating centrality from a 

contract network and forward trading & performance process for stock performance. 

Figure 4-12 shows a two-stage process for the learning period and forward trading & 

performance process. In order to test market reaction time between contract data and 

stock performance, we will test different lag periods after the end of the learning period.  

The tests will cover 1~36-month lag periods for each learning period.  
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Figure 4-13: A timeline with the relative learning period of network windows  

 

 

Table 4-4 and Figure 4-14 show market reaction times with one month to 36 months 

based on different centrality techniques. Since we built an integrated contract network for 

the last 36 months based on a three-year window consolidation method, we consider the 

same period for the forward market reaction time test. The average monthly returns are 

calculated for both the highest and lowest centrality group from degree, betweenness and 

closeness centrality and the difference between highest and lowest group performance. 

The lag indicates the period before trading start time after the end of the learning period. 
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Therefore, lag-1 means that we calculate the trading performance one month after the 

learning period ends, and the performance is the monthly return for each trading period. 

We shift the trading period from one month to 36 months after the end of each learning 

period, and we will calculate the average monthly returns for each trading period. In this 

experiment, we take the one year trading period and calculate average monthly returns 

during that time frame. We then move forward one month in each learning period starting 

from 2005-01-01 to 2013-01-01. Next, we take an average of monthly returns for all 

learning periods, of which there are 97. For each learning period, we run 36 different lag 

trading periods and calculate returns. The result is the average of 97 learning periods for 

each different group. This shows that the centrality affects the market slowly, which takes 

around six months to market reaction. In addition, it slowly diminishes the effects after 

twenty months if there is no other condition involved. We need to conduct more research 

on this subject and leave it for future work. The negative impact values are highlighted.  

Table 4-4: Market reaction time with different window lag size 

 lag 

  

Degree Centrality Betweenness Centrality Closeness Centrality 

Highest Lowest 

Highest  

- Lowest Highest Lowest 

Highest -

Lowest Highest Lowest 

Highest  

-Lowest 

1 -0.02439 -0.02044 -0.00395 -0.02470 -0.02027 -0.00444 -0.02437 -0.02109 -0.00328 

2 -0.01807 -0.01460 -0.00347 -0.01861 -0.01424 -0.00437 -0.01785 -0.01520 -0.00265 

3 -0.01009 -0.00760 -0.00250 -0.01089 -0.00713 -0.00377 -0.00973 -0.00802 -0.00170 

4 -0.00164 -0.00018 -0.00146 -0.00263 0.00031 -0.00294 -0.00115 -0.00072 -0.00043 

5 0.00544 0.00587 -0.00043 0.00430 0.00627 -0.00196 0.00602 0.00527 0.00075 

6 0.01100 0.01051 0.00049 0.00988 0.01080 -0.00092 0.01162 0.00984 0.00179 

7 0.01588 0.01462 0.00126 0.01483 0.01480 0.00003 0.01652 0.01395 0.00257 

8 0.01973 0.01812 0.00161 0.01879 0.01825 0.00055 0.02033 0.01738 0.00295 

9 0.02232 0.02040 0.00192 0.02149 0.02054 0.00096 0.02290 0.01969 0.00320 

10 0.02478 0.02292 0.00187 0.02407 0.02305 0.00102 0.02527 0.02228 0.00299 
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11 0.02674 0.02490 0.00184 0.02617 0.02500 0.00117 0.02719 0.02427 0.00292 

12 0.02738 0.02517 0.00221 0.02700 0.02518 0.00182 0.02776 0.02445 0.00331 

13 0.02689 0.02419 0.00270 0.02663 0.02417 0.00246 0.02715 0.02334 0.00381 

14 0.02646 0.02356 0.00290 0.02621 0.02348 0.00273 0.02663 0.02253 0.00410 

15 0.02534 0.02260 0.00273 0.02511 0.02248 0.00264 0.02547 0.02134 0.00413 

16 0.02262 0.02013 0.00249 0.02248 0.01997 0.00251 0.02272 0.01897 0.00374 

17 0.02000 0.01795 0.00205 0.01996 0.01777 0.00219 0.02010 0.01683 0.00328 

18 0.01848 0.01708 0.00139 0.01838 0.01689 0.00149 0.01860 0.01597 0.00263 

19 0.01815 0.01738 0.00077 0.01810 0.01725 0.00085 0.01826 0.01633 0.00194 

20 0.01744 0.01739 0.00004 0.01749 0.01729 0.00020 0.01762 0.01638 0.00124 

21 0.01678 0.01737 -0.00059 0.01693 0.01717 -0.00024 0.01701 0.01634 0.00067 

22 0.01571 0.01651 -0.00080 0.01590 0.01629 -0.00039 0.01593 0.01558 0.00035 

23 0.01493 0.01596 -0.00103 0.01510 0.01574 -0.00064 0.01514 0.01513 0.00001 

24 0.01354 0.01479 -0.00125 0.01365 0.01460 -0.00095 0.01377 0.01401 -0.00023 

25 0.01222 0.01359 -0.00137 0.01230 0.01338 -0.00108 0.01246 0.01289 -0.00043 

26 0.01111 0.01261 -0.00150 0.01117 0.01238 -0.00121 0.01128 0.01202 -0.00074 

27 0.00982 0.01127 -0.00145 0.00982 0.01110 -0.00128 0.00993 0.01093 -0.00100 

28 0.00864 0.01026 -0.00162 0.00854 0.01010 -0.00156 0.00870 0.01007 -0.00137 

29 0.00768 0.00925 -0.00157 0.00744 0.00914 -0.00170 0.00763 0.00920 -0.00157 

30 0.00648 0.00773 -0.00125 0.00611 0.00769 -0.00157 0.00626 0.00788 -0.00162 

31 0.00516 0.00604 -0.00087 0.00465 0.00600 -0.00135 0.00486 0.00630 -0.00145 

32 0.00387 0.00428 -0.00042 0.00316 0.00429 -0.00113 0.00346 0.00474 -0.00128 

33 0.00385 0.00388 -0.00003 0.00292 0.00398 -0.00105 0.00336 0.00453 -0.00117 

34 0.00480 0.00470 0.00010 0.00378 0.00480 -0.00102 0.00429 0.00540 -0.00111 

35 0.00596 0.00579 0.00017 0.00495 0.00590 -0.00095 0.00545 0.00659 -0.00114 

36 0.00671 0.00653 0.00018 0.00568 0.00664 -0.00096 0.00617 0.00746 -0.00128 
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Figure 4-14: Market reaction time with different window lags 

 

Figures 4-15 ~ 4-17 show the final performance results with a 6-month lag after the 

first learning period. All three results from degree, betweenness and closeness are very 

close, as we already expected from the previous learning period results. The selected 

security ticker symbols are very similar with degree, betweenness and closeness 

centrality. Ergo, there is no significant difference among the three centrality methods. 

The cumulative returns of the higher centrality group from June 2008 to January 2014 

slightly outperformed lower centrality group.  
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Figure 4-15: Degree centrality monthly return vs cumulative returns  

 

    
Figure 4-16: Betweenness centrality monthly return vs cumulative returns  
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Figure 4-17: Closeness centrality monthly return vs cumulative returns  

 

4.7 Evaluation  

For the evaluation, we compared the performance of the new contract network 

centrality strategy to S&P 500 index returns. Figures 4-18 ~ 4-20 show the performance 

summary chart with S&P 500 index monthly returns and monthly returns of both the 

higher and lower centrality groups. Monthly returns for each group have been calculated 

starting from 6 months after the 1 year learning period ends. All of the higher and lower 

centrality groups outperformed the S&P 500 index returns. The securities in both 

centrality groups have filed their material contracts in the last 3 years, and they 

outperformed the others who do not have any material contract filings in that time period. 

Therefore, an even lower group of securities have privilege over the securities not 

involved in the contract network. In this experiment, the lower centrality group has 
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slightly outperformed the higher centrality group, since we only calculated one month 

return after the learning period. When calculating monthly returns for the next 1-year 

trading period, the higher centrality group is shown to slightly outperform the lower 

centrality group.  

 

 
Figure 4-18: S&P 500 index vs degree centrality monthly return  
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Figure 4-19: S&P 500 index vs betweenness centrality monthly return  

 
Figure 4-20: S&P 500 index vs closeness centrality monthly return  
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4.7.1 Centrality and Stock Performance Correlation Test 

The main purpose of this evaluation is to find a time lag on the effectiveness of a 

contract to the stock market. We test multiple correlations with yearly centrality and 

stock price returns from 2005-01-01 to 2014-01-01 to test the correlation between 

centrality of the company in the contract network and stock price returns. Since there are 

a small number of contracts on each filing date, we will test the centrality and stock price 

return after accumulating one year prior to the test year. For each year, we tested 

correlations between centrality and stock price return. For each correlation test, we used n 

centralities from a set of contract networks for m filing dates for each company. Then, 

there are m X n centralities from m filing dates and n companies. Stock price return has 

been shifted one filing date later after each correlation test. Figure 4-21 shows the 

centrality data and stock price return data to test any possible correlation between each 

company’s centrality, and its stock price returns after the rolling stock price returns with 

one filing date. 
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Figure 4-21: Correlation test between centrality and stock price return 

The first round of correlation tests will take the first m dates’ centralities (1) and the first 

m dates’ stock price returns (a), and then take the same first m dates’ centralities (1) and 

the second m dates’ stock price returns (b), and so on. Once the stock price returns take to 

the last group, the second round of correlation tests will then take the second group of 

centralities.  

Figure 4-22 shows the 6 months forward moving correlation between centrality and 

stock performance. The stock performance has been calculated with annualized monthly 

returns. As we can see here, the correlation between centrality and stock performance 

changes its direction around every 6 months.   
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Figure 4-22: Correlation test between centrality and stock price return 

 

Figure 4-23 shows the average correlation of 310 companies’ daily rolling windows 

from 2011 to 2014. The average correlation without any time delay shows around 0.4 ~ 

0.5 tau value. However, the correlation between the centrality and the stock performance 

changes around 6 month lag . 



 

164 

 

 
Figure 4-23: Average correlation results from 2011 to 2014 

 

4.7.2 Centrality and Stock Performance Statistical analysis 

We apply statistical analysis to investigate the relationships between a firm’s 

contractual position and its performance. First, we design the statistical model that is 

similar to Li (2008) to investigate which determinants will influence the stock 
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performance. We calculate the raw return of firm i for day t minus the S&P 500 index for 

day t to calculate the absolute value of excess returns, w. Therefore, |𝑒𝑟𝑖𝑡| = raw return of 

firm i for day t - S&P 500 index. Next, the standardized absolute returns will be 

calculated from Griffin (2003): 

 
𝑺𝑨𝑬𝑹𝒊𝒕 =  

|𝒆𝒓𝒊𝒕|

𝝈(|𝒆𝒓𝒊𝒕|)
. 

(4-10) 

where  σ(|𝑒𝑟𝑖𝑡|) = standard deviation of the absolute value of excess returns of firm i over 

the period which is identical to a contract network window. Then, we design the 

following regression model to test which of the determinants will affect the stock 

performance. For example: 

 𝑫𝑽𝒊𝒕 = 𝜷𝟎 + 𝜷𝟏𝑺𝑰𝑪𝒊𝒕  +  𝜷𝟐𝑪𝒆𝒏𝒕𝒓𝒂𝒍𝒊𝒕𝒚𝒊𝒕 + 𝜷𝟑𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏𝒊𝒕+𝜺𝒊𝒕 (4-11) 

where D𝑉𝑖𝑡 is the Z-transformation of the percentile scores for standardized absolute 

returns, 𝑆𝐼𝐶𝑖𝑡 is the standard industrial classifications of a security i, 𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖𝑡 is the 

Centrality at time t for a security i, 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑖𝑡 is the average correlation of a security 

i to all other securities in S&P 500 for the previous 12 month period at time t, and 𝜀𝑖𝑡 is 

random error.  

We test only the degree centrality, because the previous experiments results show 

that the centrality results of degree, betweenness and closeness are very close. We run 

one month rolling regression analysis for a 12-month period. All values have been 
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transformed using the zScore normalization method. Table 4-5 shows the results from the 

12-month regression analysis with 1-month rolling windows. The correlation coefficient 

has been calculated based on the previous 12-month period at each time t. Table 4-6 

shows the results from the 6-month lag for 12-month regression analysis with 1-month 

rolling windows. The previous experiment shows that there is a 6 month-lag between the 

stock price and centrality correlation. In this regression analysis, we apply a 6-month lag 

on the stock price returns. Therefore, correlation and centrality have been calculated 

based on the previous 12-month period at each time t-6 months. The correlation and 

centrality p-values have been reduced from 0.323 to 0.136 and 0.520 to 0.431. Although 

the R-squared results are too low to accept both regression models, the regression 

analysis with 6-month lag has a slightly higher R-squared value than the regression 

model without lag. The highlighted values are the passed results with 90% rejection. 

Although we cannot reject our null hypothesis and most of the regression analysis, the 6-

month lag regression has a better chance of rejecting the null hypothesis. There are some 

relationships between excess return ratio to the correlation and centrality values. 

Table 4-5: 12-month regression analysis without lag results 

 

 

coefficients p-value 

RSquared 

SIC 
Degree 

Centrality 
Correlation SIC 

Degree 

Centrality 
Correlation 

2007-12-01 -2.916 0.626 41.194 0.101 0.400 0.632 0.002 

2008-01-01 -2.400 0.647 3.041 0.200 0.408 0.973 0.001 

2008-02-01 -2.325 -0.247 108.996 0.218 0.753 0.236 0.001 

2008-03-01 -1.411 -0.615 158.103 0.439 0.416 0.075 0.002 

2008-04-01 -2.273 -0.118 173.731 0.235 0.881 0.069 0.002 
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2008-05-01 -1.276 -0.289 -68.801 0.503 0.716 0.487 0.001 

2008-06-01 -0.744 -1.100 -11.074 0.684 0.143 0.909 0.001 

2008-07-01 0.640 -0.960 -38.168 0.726 0.201 0.690 0.001 

2008-08-01 -0.628 -1.158 -48.705 0.741 0.140 0.625 0.001 

2008-09-01 -1.219 -1.488 -53.125 0.523 0.057 0.610 0.002 

2008-10-01 -2.908 -0.985 67.052 0.114 0.183 0.496 0.002 

2008-11-01 -3.283 -1.417 17.334 0.085 0.063 0.849 0.003 

2008-12-01 -2.013 -1.671 58.031 0.272 0.023 0.492 0.003 

2009-01-01 -2.106 -1.581 100.446 0.275 0.040 0.259 0.004 

2009-02-01 0.084 -1.842 195.541 0.965 0.017 0.022 0.006 

2009-03-01 -1.569 -1.004 439.736 0.405 0.183 0.000 0.015 

2009-04-01 -2.126 -0.940 440.439 0.283 0.235 0.000 0.015 

2009-05-01 -0.504 -0.436 256.270 0.801 0.590 0.007 0.004 

2009-06-01 0.936 -0.774 230.463 0.627 0.329 0.020 0.003 

2009-07-01 -1.064 -0.743 222.261 0.585 0.360 0.037 0.003 

2009-08-01 -0.635 -0.418 270.068 0.746 0.614 0.009 0.004 

2009-09-01 -0.146 -0.423 155.438 0.943 0.629 0.149 0.001 

2009-10-01 1.385 -1.193 115.447 0.503 0.187 0.332 0.002 

2009-11-01 2.447 -1.860 68.130 0.216 0.036 0.526 0.003 

2009-12-01 0.823 -1.350 190.622 0.682 0.136 0.087 0.003 

2010-01-01 0.981 -0.791 224.270 0.641 0.412 0.053 0.003 

2010-02-01 2.217 -1.567 301.904 0.290 0.113 0.009 0.006 

2010-03-01 1.727 -0.601 281.725 0.413 0.543 0.013 0.005 

2010-04-01 0.294 -0.814 232.751 0.894 0.434 0.047 0.003 

2010-05-01 -2.166 -1.208 158.096 0.329 0.244 0.184 0.003 

2010-06-01 -1.877 -0.016 113.901 0.404 0.988 0.385 0.001 

2010-07-01 0.321 -0.083 37.451 0.885 0.934 0.754 0.000 

2010-08-01 -1.028 0.143 -95.099 0.625 0.878 0.397 0.001 

2010-09-01 -1.244 0.480 -104.615 0.576 0.621 0.316 0.001 
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2010-10-01 -2.123 0.248 -216.025 0.334 0.797 0.032 0.004 

2010-11-01 -1.232 -0.002 -322.613 0.570 0.998 0.001 0.007 

2010-12-01 -1.120 -0.512 -281.328 0.581 0.574 0.003 0.006 

2011-01-01 0.935 -0.314 -330.634 0.646 0.734 0.000 0.007 

2011-02-01 1.195 -0.802 -363.357 0.574 0.406 0.000 0.009 

2011-03-01 1.920 -0.726 -293.712 0.317 0.410 0.001 0.006 

2011-04-01 3.830 -0.209 -309.741 0.055 0.821 0.000 0.008 

2011-05-01 6.415 -0.599 -249.037 0.001 0.505 0.002 0.009 

2011-06-01 6.258 -0.474 -197.165 0.002 0.618 0.021 0.007 

2011-07-01 5.829 -1.012 -236.936 0.003 0.295 0.005 0.008 

2011-08-01 6.549 -0.967 -226.326 0.001 0.320 0.005 0.010 

2011-09-01 5.679 -0.073 -115.779 0.003 0.940 0.152 0.005 

2011-10-01 4.070 0.063 83.797 0.026 0.946 0.270 0.003 

2011-11-01 5.051 0.291 -61.081 0.008 0.768 0.429 0.004 

2011-12-01 6.191 0.823 2.449 0.001 0.404 0.974 0.006 

2012-01-01 3.981 0.562 27.845 0.034 0.565 0.712 0.003 

2012-02-01 5.005 0.466 -36.971 0.008 0.636 0.618 0.004 

2012-03-01 4.076 0.318 -60.517 0.023 0.737 0.407 0.003 

2012-04-01 1.889 0.472 -94.816 0.291 0.620 0.199 0.001 

2012-05-01 1.612 0.653 -64.235 0.367 0.493 0.389 0.001 

2012-06-01 2.127 1.245 -82.888 0.253 0.204 0.305 0.002 

2012-07-01 1.738 0.937 -14.193 0.330 0.319 0.853 0.001 

2012-08-01 2.943 0.746 -7.990 0.115 0.449 0.919 0.002 

2012-09-01 3.692 0.806 8.230 0.048 0.414 0.916 0.003 

2012-10-01 3.481 0.307 -109.502 0.055 0.747 0.153 0.002 

2012-11-01 2.801 -0.137 -68.257 0.145 0.891 0.399 0.001 

2012-12-01 3.327 -0.030 -99.874 0.068 0.975 0.194 0.002 

2013-01-01 2.357 0.165 -107.839 0.217 0.870 0.179 0.002 

2013-02-01 2.522 -0.255 62.258 0.209 0.810 0.465 0.001 
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2013-03-01 2.347 0.152 18.280 0.266 0.892 0.839 0.001 

2013-04-01 2.592 -0.030 -23.146 0.246 0.980 0.806 0.001 

2013-05-01 1.976 -0.225 -94.935 0.409 0.860 0.340 0.001 

2013-06-01 2.348 -1.100 -100.074 0.369 0.431 0.351 0.002 

2013-07-01 3.097 -1.208 -164.645 0.279 0.427 0.162 0.004 

2013-08-01 0.568 -1.177 -92.108 0.859 0.490 0.497 0.001 

2013-09-01 1.322 -0.597 -161.602 0.718 0.762 0.275 0.003 

2013-10-01 0.996 0.313 -192.901 0.826 0.897 0.305 0.004 

Average 1.130 -0.390 -4.711 0.369 0.520 0.323 0.004 

 

Table 4-6: 12-month regression for centrality and correlation analysis results 

 

coefficients p-value 

RSquared 

SIC 

Degree 

Centrality Correlation SIC 

Degree 

Centrality Correlation 

2007-12-01 -15.097 1.240 -5.584 0.001 0.501 0.013 0.013 

2008-01-01 -15.053 1.323 -5.018 0.001 0.474 0.027 0.012 

2008-02-01 -14.805 0.796 -4.369 0.001 0.642 0.038 0.010 

2008-03-01 -9.621 1.570 -5.897 0.012 0.304 0.001 0.008 

2008-04-01 -9.220 1.566 -5.207 0.016 0.305 0.004 0.007 

2008-05-01 -5.490 1.443 -1.169 0.127 0.325 0.513 0.002 

2008-06-01 -4.279 1.183 2.668 0.201 0.382 0.108 0.003 

2008-07-01 -3.581 1.242 1.792 0.283 0.358 0.280 0.002 

2008-08-01 -3.097 0.360 1.747 0.376 0.800 0.311 0.001 

2008-09-01 -1.805 0.228 3.368 0.607 0.872 0.053 0.002 

2008-10-01 -0.967 0.285 4.435 0.775 0.832 0.008 0.003 

2008-11-01 -1.292 0.679 7.579 0.715 0.625 0.000 0.010 

2008-12-01 -0.685 -1.050 2.842 0.840 0.434 0.086 0.002 

2009-01-01 0.196 -0.898 1.396 0.956 0.522 0.420 0.001 
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2009-02-01 -1.875 -0.996 2.430 0.603 0.480 0.161 0.001 

2009-03-01 -2.803 -1.732 -0.458 0.423 0.210 0.793 0.001 

2009-04-01 -4.130 -1.863 -1.403 0.259 0.198 0.439 0.002 

2009-05-01 -6.199 -2.145 -3.623 0.088 0.138 0.041 0.006 

2009-06-01 -3.427 -2.525 -4.288 0.327 0.075 0.013 0.006 

2009-07-01 -5.020 -3.148 -4.694 0.155 0.030 0.007 0.008 

2009-08-01 -2.438 -2.603 -3.076 0.494 0.080 0.080 0.004 

2009-09-01 -3.904 -2.547 -4.262 0.296 0.106 0.020 0.005 

2009-10-01 -5.249 -2.503 -6.743 0.163 0.124 0.000 0.010 

2009-11-01 -1.712 -1.374 -5.653 0.634 0.388 0.001 0.006 

2009-12-01 -0.315 -1.774 -5.215 0.931 0.272 0.003 0.006 

2010-01-01 -1.663 -2.255 -6.588 0.660 0.186 0.000 0.009 

2010-02-01 -2.817 -1.491 -4.091 0.461 0.400 0.032 0.003 

2010-03-01 -0.551 -1.730 -3.134 0.885 0.324 0.099 0.002 

2010-04-01 2.905 -2.162 -2.735 0.465 0.242 0.175 0.002 

2010-05-01 6.308 -4.096 -3.415 0.110 0.024 0.089 0.006 

2010-06-01 3.127 -3.746 -5.434 0.429 0.038 0.008 0.008 

2010-07-01 5.049 -3.103 -5.914 0.199 0.078 0.004 0.008 

2010-08-01 4.801 -1.719 -8.120 0.203 0.292 0.000 0.013 

2010-09-01 5.121 -0.916 -6.992 0.199 0.591 0.001 0.011 

2010-10-01 0.337 -1.561 -8.403 0.931 0.354 0.000 0.013 

2010-11-01 -2.391 -3.141 -7.664 0.540 0.064 0.000 0.013 

2010-12-01 -0.967 -1.760 -4.210 0.794 0.281 0.021 0.004 

2011-01-01 0.459 -1.518 -4.601 0.900 0.351 0.011 0.004 

2011-02-01 0.037 -1.771 -3.094 0.992 0.303 0.099 0.002 

2011-03-01 -1.817 -1.429 2.462 0.602 0.365 0.141 0.002 

2011-04-01 -2.827 0.031 3.404 0.436 0.985 0.051 0.003 
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2011-05-01 -0.888 -0.846 3.728 0.797 0.600 0.022 0.003 

2011-06-01 -0.660 -0.319 4.805 0.854 0.852 0.005 0.005 

2011-07-01 -0.459 -1.190 6.604 0.897 0.490 0.000 0.009 

2011-08-01 0.953 -1.206 8.222 0.788 0.494 0.000 0.014 

2011-09-01 2.961 -1.684 7.670 0.400 0.338 0.000 0.012 

2011-10-01 9.521 0.143 4.241 0.005 0.933 0.007 0.007 

2011-11-01 9.220 0.190 3.265 0.009 0.915 0.042 0.005 

2011-12-01 9.494 -0.298 2.703 0.007 0.867 0.088 0.005 

2012-01-01 9.293 -1.160 4.607 0.008 0.516 0.003 0.008 

2012-02-01 10.871 -0.958 4.410 0.002 0.593 0.005 0.009 

2012-03-01 9.573 -0.173 2.292 0.004 0.919 0.132 0.005 

2012-04-01 9.243 0.114 0.562 0.005 0.948 0.715 0.004 

2012-05-01 10.718 1.752 3.244 0.001 0.313 0.037 0.008 

2012-06-01 12.088 1.658 1.212 0.000 0.352 0.456 0.007 

2012-07-01 9.363 1.306 -0.467 0.004 0.439 0.766 0.004 

2012-08-01 9.401 1.678 -1.251 0.006 0.344 0.442 0.005 

2012-09-01 8.500 1.188 -3.958 0.013 0.503 0.015 0.007 

2012-10-01 2.733 0.659 -4.477 0.409 0.699 0.004 0.005 

2012-11-01 -0.419 0.892 -6.748 0.905 0.617 0.000 0.010 

2012-12-01 2.609 2.534 -3.957 0.427 0.137 0.011 0.005 

2013-01-01 2.809 1.668 -4.307 0.417 0.353 0.008 0.005 

2013-02-01 5.584 1.463 -5.071 0.125 0.440 0.003 0.008 

2013-03-01 5.662 2.044 -4.963 0.138 0.303 0.005 0.008 

2013-04-01 5.004 2.456 -2.643 0.217 0.246 0.159 0.004 

2013-05-01 3.478 1.647 -1.433 0.422 0.466 0.470 0.002 

2013-06-01 5.842 0.695 -2.348 0.210 0.776 0.271 0.003 

2013-07-01 2.349 1.244 -3.115 0.645 0.640 0.178 0.003 
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2013-08-01 4.395 1.609 -2.356 0.441 0.589 0.364 0.003 

2013-09-01 4.354 3.211 2.163 0.506 0.354 0.452 0.005 

2013-10-01 6.395 4.885 -0.864 0.420 0.235 0.812 0.006 

Average 0.891 -0.287 -1.340 0.383 0.431 0.136 0.006 
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Chapter 5 Conclusions and Future Work 

Finally, in this chapter, we provide a summary of the thesis, thesis contributions and 

future work in the field of computer science. 

5.1 Summary 

We developed an integrated big data analytics system that supports the entire 

lifecycle of big data analytics, from data extraction to integration, analysis, validation, 

and functionality to find optimal solutions for future financial performance predictions. 

The objective of this thesis is to provide a dynamic business big data analytics system to 

provide an efficient and flexible analytics environment for processing and analyzing 

financial big data, material contracts and high-frequency trading data by adopting SNA 

technologies. We first developed two hypotheses: i) the performance of the central 

company is an indicator of those of the peripheral companies and ii) there is a positive 

relationship between the centrality and the performance of the companies. We 

investigated two topics. The first is the analysis of HFT data in terms of dynamic 

temporal HFT networks and the second is the relationship analysis between the 

company’s structural position in the contract network and stock performance.  

We investigated a dynamic pairs trading system in Chapter 3. We built a dynamic 

HFT network based on the correlations of HFT price movements. Since the HFT price 

data set is an irregular time series based on tick-by-tick data, we had performed 
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normalization and transformation functions to the HFT price data before we applid them 

to any analysis process. Stock prices are closely related to a company’s performance. 

Therefore, we chose stock price returns as an indicator of a company’s performance. We 

built a regression model to test the first hypothesis that the performance of the central 

company influences those of the peripheral companies. The higher centrality companies 

in the network have greater interaction relationships with other companies. As a result, 

companies with higher centrality are more exposed to the market and have more 

opportunities to adopt market changes immediately.  

We tested a regression model: 

 𝒀𝒕 = 𝜷𝑿𝒕 + 𝜺,  (5-1) 

where 𝑋𝑡  is the stock return of highest centrality and 𝑌𝑡 is the return of peripheral stocks 

which belong to one of 10 highest correlated securities with 𝑋𝑡. We ran one month of 

regression analysis with a one-day rolling window for one minute intraday stock price 

log-return data and the regression analysis results showed that the null hypothesis passed, 

or it was rejected, for all regression models. Therefore, the price of peripheral securities 

𝑌𝑡 will be close to β * the highest centrality security 𝑋𝑡. We applied this regression to run 

a dynamic pairs trading strategy. We built a dynamic pairs trading algorithm to support 

the appropriate solutions for i) how to choose the pairs that might have some 

relationships and ii) when we enter to or exit from the market. We then applied this 

algorithm to the dynamic pairs trading strategy. Our dynamic pairs trading strategy of 
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centrality and correlation pairs outperformed S&P 500 index returns using EWMA 

algorithms. 

We built a dynamic contract network based on the contractual relationships extracted 

from the material contracts, which demonstrate how to apply contract network centrality 

to improve stock trading strategies, suggesting a correlation method in Chapter 4. For 

example, we provided contract networks to support how to choose the securities based on 

the centralities, and both the higher centrality group and lower centrality group 

outperformed S&P 500 index returns. The stock market has traditionally been viewed as 

an indicator or “predictor” of the economy and stock prices equal to the present value of a 

company’s expected future profits (Comincioli 1996). Our research was started with the 

assumption that a firm’s contractual position in the contract network will affect its future 

performance, and we sought to find which characteristics of the contractual position are 

affected most. In addition, we extended our research to investigate how the most 

significant firm in the contract network will affect its neighbors. We applied multiple 

different centrality techniques from SNA, to calculate centralities of firms’ contractual 

relationships, and compared the results to find any relationships between the centrality 

and stock price movements. The stock performance of a company can be measured in 

many ways, such as return, excess return, and the Sharpe ratio. We used the log return 

and excess return to calculate the stock performance.  

First, we ran the two-stage forward trading back test using our simulation functions 

to test the hypothesis: there is a positive relationship between the centrality and the 
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performance of the companies. We ran a 3-year learning period to calculate contract 

centrality and then ran a 1-year forward trading period with a 1-month rolling window. 

Then, we calculated the average monthly returns for the 1-year trading period. The 

average monthly returns of the higher centrality groups slightly outperformed the average 

monthly returns of the lower centrality group. Furthermore, both the higher and lower 

contract network centrality groups of securities outperformed S&P 500 index returns. We 

built a regression model to test which characteristics of the network structure will be 

affected the most with regard to the stock performance: 

 𝑫𝑽𝒊𝒕 = 𝜷𝟎 + 𝜷𝟏𝑺𝑰𝑪𝒊𝒕  +  𝜷𝟐𝑪𝒆𝒏𝒕𝒓𝒂𝒍𝒊𝒕𝒚𝒊𝒕 + 𝜷𝟑𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏𝒊𝒕+𝜺𝒊𝒕, (5-2) 

 

where D𝑉𝑖𝑡 is the Z-transformation of the percentile scores for standardized absolute 

returns, 𝑆𝐼𝐶𝑖𝑡 is the standard industrial classifications of a security i, 𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖𝑡 is the 

Centrality at time t for a security i, 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑖𝑡 is the average correlation of a security 

i to all other securities in S&P 500 for the previous 12 month period at time t, and 𝜀𝑖𝑡 is 

random error.  The results showed that the correlation affects the stock performance the 

most and the centrality is less affected.  

We then tested another regression model with the 6-month forward stock 

performance: 

 𝑫𝑽𝒊𝒕+𝟔 = 𝜷𝟎 + 𝜷𝟏𝑺𝑰𝑪𝒊𝒕  +  𝜷𝟐𝑪𝒆𝒏𝒕𝒓𝒂𝒍𝒊𝒕𝒚𝒊𝒕 + 𝜷𝟑𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏𝒊𝒕, (5-3) 

where D𝑉𝑖𝑡+6 is the Z-transformation of the percentile scores for standardized absolute 

returns at time t+6, 𝑆𝐼𝐶𝑖𝑡 is the standard industrial classifications of a security i, 
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𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖𝑡 is the Centrality at time t for a security i, 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑖𝑡 is the average 

correlation of a security i to all other securities in S&P 500 for the previous 12 month 

period at time t, and 𝜀𝑖𝑡 is random error. Both centrality and correlation p-values are 

shown to decrease and these results are consistent with stock performance backtest 

results. 

5.2 General methodology for analyzing temporal big data using SNA 

In order to analyze temporal big data, we apply SNA approaches to build a dynamic 

temporal network and to analyze the structural position of each node in the network and 

its future movement. We first develop the algorithms to process a temporal big data and 

analyze the relationships among the temporal data by applying SNA techniques. 

We also extend this temporal big data analytics system to support the unstructured text 

data. We transform the unstructured big data to the time labeled temporal data by 

extracting time information from the text documents and relationships using rule-based 

text classification. The abstract temporal social network is a weighted undirected graph G 

= (V, E) where each node v represents a company, each edge e represents the 

relationships between two companies and annotated with a time label λ(e) that specifies 

the time at which two endpoints “communicated”, and the weight of an edge represents 

the number of relationships between two nodes in a given time.  
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The abstract temporal social network window is a single abstract temporal social 

network within a single time block. The abstract temporal social network is represented 

as 𝑁 × 𝑁 matrix, where 𝑁 is the number of nodes in a network. Each cell contains 

accumulated weight of each edge from 36 abstract temporal social network windows. We 

initially create a snapshot of the temporal network for a specific time interval and then 

build an abstract temporal social network.  

In the temporal network, information is displayed in order from the labeled path. That 

is, if the time label on the edge does not decrease, the time is respected. Based on this 

temporal network representation, we apply SNA technologies in order to extract some 

important knowledge from the network structures, such as the centralities.  

Figure 5-1 shows a simple abstract temporal social network with time intervals. At 

each time t, we build one abstract temporal social network window based on a single time 

block t. At time 1, there are 3 nodes (A, B, C) and we have 1 relationship between A and 

B and 2 relationships between B and C at time 1. Since we build an abstract temporal 

social network based on 3 year window consolidation method, a single abstract temporal 

social network has been built on the last 3 year time period. As a result, there are 36 

abstract temporal social network windows.  
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Figure 5-1: Dynamic temporal network 

 

In order to maintain an abstract temporal social network matrix, we keep 36 abstract 

temporal social network windows, one index adjacency matrix and one consolidated 

abstract temporal social network matrix. The 36 abstract temporal social network 

windows are stored in a queue.  

 Push new window W1 to the queue:  

i) If W1(i, j)>0 and M2(i, j) = 0 then update index matrix M1(i, j) = 1.  

ii) M2 (i, j)  = M2 (i, j)  + W1(i, j) 

 Pop the oldest window W36 from the queue: 

i) If W36 (i, j)>0 and M2 (i, j) = W36 (i, j) then update index matrix M1(i, j) = 0 

ii) M2 (i, j) = M2 (i, j) – W36 (i, j) 
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At each month t, we create new abstract temporal social network window 1 and push the 

new window into queue and pop the window inserted at first. At each insertion time, we 

manage the abstract temporal social network matrix and an index adjacency matrix. 

5.3 Thesis Contributions 

In this thesis, we presented a big data analytics system that adopts SNA techniques to 

support the entire lifecycle of big data analytics. The system also supports the functions 

to find optimal solutions for future financial performance predictions based on new 

dynamic pair trading algorithms. The main contributions of our research are as follows: 

1. We built a business big data analytics system that provides functions: 

- Support two types of data integration and transformation for HFT data and 

unstructured text data. 

- Support network level structure analysis adopting SNA techniques. 

- Support time series analysis, two stage forward back-test simulation and 

performance analysis 

2. We tested two hypotheses and showed that i) the performance of the central 

company influences those of the peripheral companies and ii) there is a 

positive relationship between the centrality and the performance of the 

companies. 
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3. We provided dynamic pairs trading algorithm that supports the appropriate 

solutions for i) how to choose the pairs that might have some relationships and 

ii) when we enter to or exit from the market. 

4. We applied dynamic pairs trading algorithm to a two stage dynamic pairs 

trading strategy for HFT trading and showed that the two-stage dynamic pairs 

trading strategy outperformed S&P index returns using the EWMA approach. 

5. We provided a dynamic abstract temporal social network and showed that both 

the higher and lower abstract temporal social network centrality group of 

securities outperformed S&P 500 index returns.  

6. We tested two cross-sectional time series regression models with different 

stock performance time to centrality and correlation, and we found there is 

about a 6-month time delay for abstract temporal social network centrality to 

affect stock performance. 

 

5.3 Future Work 

HFT has become one of the most challenging investment areas of finance accelerated 

by adopting advanced computer technologies. For securities, the higher volatility 

increases the risk and the dispersion of returns associated with the investment, and less 

decision-making time is permitted as the volatility rises. We provided simple dynamic 

pair trading algorithms using statistical arbitrage to HFT to support faster trading 
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decisions. Our contract data was not appropriate to apply to the HFT data analysis, 

because the information processing time was significantly different. Most of the 

economic data is long-term data and therefore, HFT data analysis focuses more on the 

most volatile price changes.  

With regard to the future, we could extend our dynamic pairs trading strategy to 

consider the intraday bid and ask prices. Moreover, we can build a multivariate temporal 

network with bid and ask prices. This will enable researchers to find the relationships 

between the network structural position and stock performances. Also we can improve 

our cross sectional regression model to investigate any relationships between stock 

performance and other factors such as type of contract, the level of centrality, and the 

level of correlation. We may need to improve our material contract text mining process to 

extract other useful information such as the contract price amount or contract period.  

Another direction for our future work is to apply evolutionary game theory to find 

future return predictability on the stock market equilibrium. We can also apply Machine 

learning algorithms such as regression or KNN algorithms to improve our decision 

process. 
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Appendix B 
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Appendix C 

Material contracts: The definition of material contracts is defined under Item 
601(b)(10)(i)-(ii) of Regulation S-K (10) Material contracts.  
(i) Every contract not made in the ordinary course of business which is material to the 
registrant and is to be performed in whole or in part at or after the filing of the registration 
statement or report or was entered into not more than two years before such filing. Only 
contracts need be filed as to which the registrant or subsidiary of the registrant is a party or 
has succeeded to a party by assumption or assignment or in which the registrant or such 
subsidiary has a beneficial interest. 
(ii) If the contract is such as ordinarily accompanies the kind of business conducted by the 
registrant and its subsidiaries, it will be deemed to have been made in the ordinary course 
of business and need not be filed unless it falls within one or more of the following 
categories, in which case it shall be filed except where immaterial in amount or significance: 
(A) Any contract to which directors, officers, promoters, voting trustees, security holders 
named in the registration statement or report, or underwriters are parties other than 
contracts involving only the purchase or sale of current assets having a determinable 
market price, at such market price; 
(B) Any contract upon which the registrant's business is substantially dependent, as in the 
case of continuing contracts to sell the major part of registrant's products or services or to 
purchase the major part of registrant's requirements of goods, services or raw materials or 
any franchise or license or other agreement to use a patent, formula, trade secret, process or 
trade name upon which registrant's business depends to a material extent; 
(C) Any contract calling for the acquisition or sale of any property, plant or equipment for a 
consideration exceeding 15 percent of such fixed assets of the registrant on a consolidated 
basis; or 
(D) Any material lease under which a part of the property described in the registration 
statement or report is held by the registrant. 
[http://www.ecfr.gov/cgi-bin/text-
idx?SID=8e0ed509ccc65e983f9eca72ceb26753&node=17:3.0.1.1.11&rgn=div5#se17.3.22
9_1601] 
 
Items 601(b)(10) of Regulation S-K and Regulation S-B describe what constitutes a material 
contract. Examples of material contracts include: 
Asset Purchase Agreements 
Bridge Loan Agreements 
Cash Bonus Plans 
Director Fee Agreements 
Director Indemnification Plans 
Employment Agreements 
Executive Compensation Plans and Incentive Plans 
Financial Services Agreements 
Joint Venture Agreements 
Lease Agreements 

http://ecfr.gpoaccess.gov/cgi/t/text/text-idx?c=ecfr&sid=20c66c74f60c4bb8392bcf9ad6fccea3&rgn=div5&view=text&node=17:2.0.1.1.11&idno=17
http://ecfr.gpoaccess.gov/cgi/t/text/text-idx?c=ecfr&sid=20c66c74f60c4bb8392bcf9ad6fccea3&rgn=div5&view=text&node=17:2.0.1.1.10&idno=17
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Letters of Intent 
License Agreements 
Pension Plans 
Profit Sharing Plans 
Purchase Agreements 
Stock Option Agreements 
Stock Purchase Agreements 
Termination Agreements 

[https://www.sec.gov/investor/pubs/edgarguide.htm] 

The instructions to Item 1.01 of Form 8-K reference Item 601 of Regulation S-K to identify 
contracts that are deemed not to be made in the ordinary course of business and that must 
be reported "unless immaterial in amount or significance," even if they are otherwise of the 
type that ordinarily accompanies the company's business. Item 601(b)(10)(ii)(A)-(D) of 
Regulation S-K specify four such situations: 
A contract with directors, officers, promoters, voting trustees, 5% or greater stockholders, 
or underwriters must be reported, unless it involves only the purchase or sale of current 
assets, having a determinable market price, where such assets are sold at such market price. 
If a reporting company's business is substantially dependent upon a contract, that contract 
will be considered material and must be reported. This would include any contract pursuant 
to which the reporting company sells the major part of its products or services or 
purchases the major part of its requirements of goods, services or raw materials. Similarly, 
reporting companies must report any franchise or license agreement involving a patent, 
formula, trade secret, process or trade name upon which the reporting company's business 
is dependent to a material extent. 
A contract for the acquisition or sale of any property, plant or equipment is a material 
contract if the consideration for the contract represents more than 15% of the reporting 
company's fixed assets on a consolidated basis as of the end of the most recent fiscal period. 
Any material lease relating to a property that is sufficiently important to be described in the 
company's Form 10-K or registration statement must be reported. 
The instructions to Item 1.01 of Form 8-K also reference Item 601(b)(10)(iii) of Regulation 
S-K to establish reporting requirements for contracts relating to employee benefit 
matters. For example, all management contracts and compensatory plans, contracts or 
arrangements that involve directors or the executive officers whose compensation is 
disclosed in the summary compensation table of the proxy statement are deemed material 
and must be reported. Contracts, compensatory plans and arrangements with any other 
executive officers, must also be reported unless they are immaterial in amount or 
significance. 
If a management contract or compensatory plan, contract or arrangement involves the 
issuance of equity to any employee, including options, warrants or rights, it will constitute 
a material contract if it was adopted without security holder approval unless it is 
immaterial in amount or significance. 
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The following categories of management contracts or compensatory plans, contracts or 
arrangements do not have to be reported on a Form 8-K or filed as an exhibit to a 
periodic report or registration statement: 
ordinary purchase and sales agency agreements; 
agreements with managers of chain stores; 
contracts for labor, salespersons' bonuses or payments to a class of security holders in their 
capacity as security holders; 
broad-based plans, contracts or arrangements that by their terms are available to 
employees, officers or directors generally and that provide the same method for allocation 
of benefits to management and non-management participants; 
compensatory plans, contracts or arrangements of foreign private issuers that are 
permitted to furnish compensatory information on an aggregate basis; and 
compensatory plans, contracts or arrangements of companies that are wholly-owned 
subsidiaries registered under Section 12 or filing reports pursuant to Section 15(d) of the 
Securities Exchange Act of 1934, as amended. 

[http://www.mondaq.com/unitedstates/x/28917/Employee+Benefits+Compensation/What+Consti

tutes+a+Material+Contract] 

 

Item 101 further requires registrants to disclose the amounts of revenues from each class of 
similar products and services based on quantitative thresholds. Specifically, the issuer must 
state the amount or percentage of total revenue contributed by any class of similar products 
or services that accounted for 10 percent or more of consolidated revenue in any of the last 
three fiscal years, or if total revenue did not exceed $50,000,000 during any of those three 
fiscal years, 15 percent or more of consolidated revenue.  

[https://www.sec.gov/rules/final/33-7620.txt] 
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Appendix D 

Table D-5-1: HTF data log return transformation (S&P500 1 minutes bar price) 
 

 
A AAL AAP AAPL ABBV ABC ABT 

… 

2017-01-24 9:31 0.000837 0.003144 0 0.001003 -0.00025 0.001769 0 
… 

2017-01-24 9:32 0.001045 -0.00123 -0.0035 0.000835 8.21E-05 -0.00035 0.000124 
… 

2017-01-24 9:33 0.005211 -0.00306 0.004274 -0.00075 -0.00428 0 0.000372 
… 

2017-01-24 9:34 -0.00146 -0.00122 0.001421 0.000334 -0.00082 0.001531 0.000372 
… 

2017-01-24 9:35 0.000624 0.005557 0.004662 0.00096 0.001155 0.001999 0 
… 

2017-01-24 9:36 -0.00125 0.000806 0.000647 0.000625 -0.00314 -0.00188 -0.00124 
… 

2017-01-24 9:37 0.000833 0.000614 0.004052 -0.00017 0.000496 -0.00035 0.000248 
… 

2017-01-24 9:38 0.001872 -0.00142 -0.00818 0.000166 -0.00083 -0.00448 -0.00099 
… 

2017-01-24 9:39 -0.00062 -0.00265 -0.00302 0.000293 -0.00119 -0.00105 -0.00124 
… 

2017-01-24 9:40 0 0.002765 0.00414 -4.17E-05 0.001688 0.002176 0 
… 

… … … … … … … … … 

      

Table D-5-2: HTF data z-score transformation (S&P500 1 minutes bar price) 
 

 
A AAL AAP AAPL ABBV ABC ABT … 

2017-01-24 9:31 -2.14773 1.281971 1.889928 -2.697814 -1.2394732 -0.847996 -2.14773 … 

2017-01-24 9:32 -2.121551 1.255291 1.817046 -2.682802 -1.2371153 -0.857335 -2.121551 … 

2017-01-24 9:33 -1.990659 1.189053 1.905987 -2.696313 -1.3597299 -0.857335 -1.990659 … 

2017-01-24 9:34 -2.027309 1.162696 1.935635 -2.690308 -1.3833097 -0.816867 -2.027309 … 

2017-01-24 9:35 -2.011601 1.282891 2.033223 -2.673044 -1.350298 -0.763948 -2.011601 … 

2017-01-24 9:36 -2.043016 1.30037 2.046811 -2.661785 -1.439901 -0.813754 -2.043016 … 

2017-01-24 9:37 -2.022073 1.31371 2.132047 -2.664787 -1.4257532 -0.823093 -2.022073 … 

2017-01-24 9:38 -1.974952 1.282891 1.96034 -2.6618 -1.4493329 -0.941382 -1.974952 … 

2017-01-24 9:39 -1.990659 1.225392 1.89734 -2.65653 -1.4832878 -0.969087 -1.990659 … 

2017-01-24 9:40 -1.990659 1.285283 1.983811 -2.657281 -1.4351851 -0.91181 -1.990659 … 

… … … … … … … … … 
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Table D-5-3: HTF data min-max transformation (S&P500 1 minutes bar price) 
 
 

A AAL AAP AAPL ABBV ABC ABT … 

2017-01-24 9:31 0.08389 0.73519 0.93580 0.00436 0.19475 0.08389 0.73519 … 

2017-01-24 9:32 0.08949 0.72981 0.91648 0.00799 0.19536 0.08949 0.72981 … 

2017-01-24 9:33 0.11745 0.71643 0.94006 0.00472 0.16361 0.11745 0.71643 … 

2017-01-24 9:34 0.10962 0.71111 0.94792 0.00617 0.15751 0.10962 0.71111 … 

2017-01-24 9:35 0.11298 0.73538 0.97380 0.01035 0.16606 0.11298 0.73538 … 

2017-01-24 9:36 0.10626 0.73890 0.97740 0.01307 0.14286 0.10626 0.73890 … 

2017-01-24 9:37 0.11074 0.74160 1.00000 0.01235 0.14652 0.11074 0.74160 … 

2017-01-24 9:38 0.12081 0.73538 0.95447 0.01307 0.14042 0.12081 0.73538 … 

2017-01-24 9:39 0.11745 0.72377 0.93777 0.01434 0.13162 0.11745 0.72377 … 

… … … … … … … … … 

      

 

Table D-5-4: HTF data med-mad transformation (S&P500 1 minutes bar price) 
 
 

A AAL AAP AAPL ABBV ABC ABT 
… 

2017-01-24 9:31 -4.520619 1.444147 2.023778 -5.331514 -1.589947 -1.534314 -4.05967 … 

2017-01-24 9:32 -4.469072 1.414297 1.945839 -5.304763 -1.587302 -1.54902 -4.05424 … 

2017-01-24 9:33 -4.21134 1.340187 2.040951 -5.328839 -1.724868 -1.54902 -4.03794 … 

2017-01-24 9:34 -4.283505 1.310697 2.072655 -5.318139 -1.751323 -1.485294 -4.02163 … 

2017-01-24 9:35 -4.252577 1.445176 2.177015 -5.287375 -1.714286 -1.401961 -4.02163 … 

2017-01-24 9:36 -4.314433 1.464733 2.191546 -5.267311 -1.814815 -1.480392 -4.07598 … 

2017-01-24 9:37 -4.273196 1.479658 2.282695 -5.272662 -1.798942 -1.495098 -4.06511 … 

2017-01-24 9:38 -4.180412 1.445176 2.099075 -5.267338 -1.825397 -1.681373 -4.10859 … 

2017-01-24 9:39 -4.21134 1.380845 2.031704 -5.257948 -1.863492 -1.725 -4.16294 … 

2017-01-24 9:40 -4.21134 1.447853 2.124174 -5.259286 -1.809524 -1.634804 -4.16294 … 

… … … … … … … … … 
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Table D-5-5: HTF data tanh estimator transformation (S&P500 1 minutes bar price) 
 
 

A AAL AAP AAPL ABBV ABC ABT … 

2017-01-24 9:31 0.4892597 0.5064102 0.5094508 0.4865077 0.4938023 0.4957599 0.486871 … 

2017-01-24 9:32 0.4893907 0.5062768 0.5090862 0.4865828 0.4938141 0.4957132 0.486889 … 

2017-01-24 9:33 0.4900454 0.5059455 0.5095311 0.4865152 0.4932009 0.4957132 0.486945 … 

2017-01-24 9:34 0.4898621 0.5058137 0.5096794 0.4865452 0.493083 0.4959156 0.487 … 

2017-01-24 9:35 0.4899406 0.5064148 0.5101675 0.4866316 0.4932481 0.4961802 0.487 … 

2017-01-24 9:36 0.4897835 0.5065022 0.5102355 0.4866879 0.4928 0.4959311 0.486816 … 

2017-01-24 9:37 0.4898883 0.5065689 0.5106619 0.4866729 0.4928708 0.4958844 0.486852 … 

2017-01-24 9:38 0.490124 0.5064148 0.509803 0.4866879 0.4927528 0.4952929 0.486705 … 

2017-01-24 9:39 0.4900454 0.5061273 0.5094878 0.4867142 0.492583 0.4951544 0.48652 … 

2017-01-24 9:40 0.4900454 0.5064268 0.5099204 0.4867105 0.4928236 0.4954408 0.48652 … 

… … … … … … … … … 

 
 

Table D-5-6: S&P 500 index vs highest degree centrality cumulative returns 

Date 

S&P Index 

Daily log 
Return 

Long Short 
Long& 

Short 
Date 

S&P Index 

Daily log 
Return 

Long Short 
Long& 

Short 

2017-02-23 0.000 0.000 0.000 0.000 2017-03-29 -0.001 -0.447 0.668 0.222 

2017-02-24 0.002 0.002 -0.003 -0.001 2017-03-30 0.002 -0.446 0.654 0.208 

2017-02-27 0.003 0.018 0.002 0.019 2017-03-31 0.000 -0.447 0.656 0.210 

2017-02-28 0.000 0.028 -0.017 0.012 2017-04-03 -0.002 -0.454 0.663 0.209 

2017-03-01 0.014 0.014 -0.035 -0.021 2017-04-04 -0.001 -0.453 0.669 0.216 

2017-03-02 0.008 0.012 -0.039 -0.026 2017-04-05 -0.004 -0.455 0.667 0.212 

2017-03-03 0.009 -0.103 -0.010 -0.113 2017-04-06 -0.002 -0.446 0.666 0.220 

2017-03-06 0.005 -0.258 -0.008 -0.266 2017-04-07 -0.003 -0.447 0.665 0.219 

2017-03-07 0.002 -0.732 0.694 -0.037 2017-04-10 -0.002 -0.443 0.665 0.221 

2017-03-08 0.000 -0.797 0.527 -0.270 2017-04-11 -0.004 -0.469 0.660 0.190 

2017-03-09 0.001 -0.797 0.464 -0.333 2017-04-12 -0.008 -0.465 0.666 0.201 

2017-03-10 0.004 -0.676 0.493 -0.184 2017-04-13 -0.014 -0.464 0.668 0.203 

2017-03-13 0.004 -0.630 0.491 -0.139 2017-04-17 -0.006 -0.463 0.665 0.202 

2017-03-14 0.001 -0.632 0.560 -0.072 2017-04-18 -0.009 -0.463 0.649 0.186 
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2017-03-15 0.009 -0.387 0.570 0.183 2017-04-19 -0.010 -0.473 0.653 0.180 

2017-03-16 0.008 -0.422 0.720 0.298 2017-04-20 -0.003 -0.470 0.653 0.183 

2017-03-17 0.007 -0.367 0.679 0.312 2017-04-21 -0.006 -0.481 0.654 0.173 

2017-03-20 0.004 -0.345 0.680 0.335 2017-04-24 0.005 -0.587 0.047 -0.540 

2017-03-21 -0.008 -0.396 0.423 0.028 2017-04-25 0.011 -0.612 0.082 -0.530 

2017-03-22 -0.006 -0.417 0.422 0.005 2017-04-26 0.010 -0.674 -0.125 -0.799 

2017-03-23 -0.007 -0.441 0.681 0.240 2017-04-27 0.011 -0.539 -0.129 -0.667 

2017-03-24 -0.008 -0.443 0.684 0.241 2017-04-28 0.009 -0.539 0.884 0.345 

2017-03-27 -0.009 -0.445 0.683 0.238 2017-05-01 0.011 -0.506 0.921 0.415 

2017-03-28 -0.002 -0.445 0.666 0.221 
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Appendix E 

Table E-1: The number of quarterly filings that containing the material contracts 

Year 
Filings 

QTR1 QTR2 QTR3 QTR4 SUM 

1994 331 355 335 335 1,356 

1995 433 476 458 458 1,825 

1996 459 586 577 577 2,199 

1997 683 715 500 500 2,398 

1998 721 855 765 765 3,106 

1999 816 820 787 787 3,210 

2000 813 870 824 824 3,331 

2001 981 1,082 991 991 4,045 

2002 1,034 1,227 1,473 1,473 5,207 

2003 1,374 1,716 1,619 1,619 6,328 

2004 1,730 1,710 1,863 1,863 7,166 

2005 2,492 2,536 2,289 2,289 9,606 

2006 2,635 2,536 2,231 2,231 9,633 

2007 2,506 2,474 2,305 2,305 9,590 

2008 2,376 2,456 2,225 2,225 9,282 

2009 2,413 2,414 2,145 2,145 9,117 

2010 2,299 2,459 2,181 2,181 9,120 

2011 2,380 2,667 2,316 2,316 9,679 

2012 2,538 2,734 2,315 2,315 9,902 

2013 2,454 2,708 2,275 2,275 9,712 

2014 2,514 2,682 2,243 2,243 9,682 

SUM 33,982 36,078 32,717 32,717 135,494 

 

 



 

203 

 

Table E-2: The number of quarterly filings that containing the material contracts 

Year 
Material Contract Documents 

QTR1 QTR2 QTR3 QTR4 SUM 

1994                242                 56                 80                 80             458  

1995                368              111              112              112             703  

1996                382              174              213              213             982  

1997                557              199              111              111             978  

1998                611              192              268              268          1,339  

1999                669              185              330              330          1,514  

2000                736              236              334              334          1,640  

2001                592              289              260              260          1,401  

2002                625              236              227              227          1,315  

2003                653              214              209              209          1,285  

2004                393              166              262              262          1,083  

2005                565              247              308              308          1,428  

2006                487              277              309              309          1,382  

2007                482              267              318              318          1,385  

2008                540              286              282              282          1,390  

2009                919              331              512              512          2,274  

2010            1,106              533              505              505          2,649  

2011            1,061              549              657              657          2,924  

2012                960              618              693              693          2,964  

2013            1,169              685              650              650          3,154  

   SUM          13,117           5,851           6,640           6,640       32,248  
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Table E-3: The number of quarterly contractual relationships extracted from the material contracts 

Year 
Contractual Relationships 

QTR1 QTR2 QTR3 QTR4 SUM 

1994 77 2 9 9               97  

1995 98 43 22 22            185  

1996 77 79 140 140            436  

1997 105 88 37 37            267  

1998 308 49 134 134            625  

1999 436 98 311 311         1,156  

2000 328 93 37 37            495  

2001 90 78 195 195            558  

2002 585 164 153 153         1,055  

2003 636 189 179 179         1,183  

2004 520 191 101 101            913  

2005 229 80 64 64            437  

2006 295 184 136 136            751  

2007 556 175 234 234         1,199  

2008 160 556 98 98            912  

2009 227 217 211 211            866  

2010 482 1224 152 152         2,010  

2011 330 218 298 298         1,144  

2012 393 214 473 473         1,553  

2013 482 310 228 228         1,248  

SUM         6,414          4,252          3,212          3,212       17,090  
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Appendix F 

Table F-1: S&P 500 index constituents [2017-01-24 ~ 2017-05-01] 

Ticker CIK Company Name Ticker CIK Company Name 

A 1090872 Agilent Technologies Inc JNPR 1043604 Juniper Networks Inc 

AAL 6201 American Airlines Group Inc JPM 19617 Jpmorgan Chase & Co 

AAP 1158449 Advance Auto Parts Inc JWN 72333 Nordstrom Inc 

AAPL 320193 Apple Inc K 55067 Kellogg Co 

ABBV 1551152 Abbvie Inc KEY 91576 Keycorp 

ABC 1140859 Amerisourcebergen Corp KIM 879101 Kimco Realty Corp 

ABT 1800 Abbott Laboratories KLAC 319201 Kla Tencor Corp 

ACN 1467373 Accenture PLC KMB 55785 Kimberly Clark Corp 

ADBE 796343 Adobe Systems Inc KMI 54502 Kinder Morgan Kansas Inc 

ADI 6281 Alog Devices Inc KMI 1506307 Kinder Morgan Inc 

ADM 7084 Archer Daniels Midland Co KMX 1170010 Carmax Inc 

ADP 8670 Automatic Data Processing Inc KO 21344 Coca Cola Co 

ADS 1101215 Alliance Data Systems Corp KR 56873 Kroger Co 

ADSK 769397 Autodesk Inc KSS 885639 Kohls Corp 

AEE 1002910 Ameren Corp KSU 54480 Kansas City Southern 

AEP 4904 American Electric Power Co Inc L 1082114 Liberty Media Corp 

AES 874761 Aes Corp L 60086 Loews Corp 

AET 1122304 Aet Inc LB 57139 Labarge Inc 

AFL 4977 Aflac Inc LEG 58492 Leggett & Platt Inc 

AGN 850693 Allergan Inc LEN 920760 Lenr Corp 

AIG 5272 American Intertiol Group Inc LH 920148 
Laboratory Corp Of America 

Holdings 

AIV 922864 Apartment Investment & Magement Co LKQ 1065696 LKQ Corp 

AIZ 1267238 Assurant Inc LLL 1056239 L 3 Communications Holdings Inc 

AJG 354190 Gallagher Arthur J & Co LLY 59478 Lilly Eli & Co 

AKAM 1086222 Akamai Technologies Inc LMT 936468 Lockheed Martin Corp 

ALB 915913 Albemarle Corp LNC 59558 Lincoln tiol Corp 

ALK 766421 Alaska Air Group Inc LNT 352541 Alliant Energy Corp 

ALL 899051 Allstate Corp LOW 60667 Lowes Companies Inc 

ALLE 1579241 Allegion PLC LRCX 707549 Lam Research Corp 

ALLE 703970 Allegiant Bancorp Inc LUK 96223 Leucadia tiol Corp 

ALXN 899866 Alexion Pharmaceuticals Inc LUV 92380 Southwest Airlines Co 

AMAT 6951 Applied Materials Inc LVLT 794323 Level 3 Communications Inc 

AMD 2488 Advanced Micro Devices Inc LYB 1489393 Lyondellbasell Industries NV 

AME 1037868 Ametek Inc MA 1141391 Mastercard Inc 

AMG 1004434 Affiliated Magers Group Inc MAA 912595 
Mid America Apartment 

Communities Inc 

AMGN 318154 Amgen Inc MAC 912242 Macerich Co 

AMP 820027 Ameriprise Fincial Inc MAR 1048286 Marriott Intertiol Inc 

AMT 1053507 American Tower Corp MAS 62996 Masco Corp 

AMZN 1018724 Amazon Com Inc MAT 63276 Mattel Inc 
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AN 350698 Autotion Inc MCD 63908 Mcdolds Corp 

APA 6769 Apache Corp MCHP 827054 Microchip Technology Inc 

APC 773910 Adarko Petroleum Corp MCK 927653 Mckesson Corp 

APD 2969 Air Products & Chemicals Inc MCO 1059556 Moodys Corp 

APH 820313 Amphenol Corp MDLZ 1103982 Mondelez Intertiol Inc 

ARE 1035443 Alexandria Real Estate Equities Inc MDT 64670 Medtronic Inc 

ATVI 718877 Activision Blizzard Inc MET 1099219 Metlife Inc 

AVB 915912 Avalonbay Communities Inc MET 65350 Metropolitan Edison Co 

AVY 8818 Avery Dennison Corp MHK 851968 Mohawk Industries Inc 

AWK 1410636 American Water Works Company Inc MJN 1452575 Mead Johnson Nutrition Co 

AXP 4962 American Express Co MKC 63754 Mccormick & Co Inc 

AYI 1144215 Acuity Brands Inc MLM 916076 Martin Marietta Materials Inc 

AZO 866787 Autozone Inc MMC 62709 Marsh & Mclenn Companies Inc 

BA 12927 Boeing Co MMM 66740 3M Co 

BAC 70858 Bank Of America Corp MNK 1567892 Mallinckrodt PLC 

BAX 10456 Baxter Intertiol Inc MO 764180 Altria Group Inc 

BBBY 886158 Bed Bath & Beyond Inc MON 1110783 Monsanto Co 

BBT 92230 BB&T Corp MOS 1285785 Mosaic Co 

BBY 764478 Best Buy Co Inc MPC 1510295 Marathon Petroleum Corp 

BCR 9892 Bard C R Inc MRK 64978 Merck Sharp & Dohme Corp 

BDX 10795 Becton Dickinson & Co MRK 310158 Merck & Co Inc 

BEN 38777 Franklin Resources Inc MRO 101778 Marathon Oil Corp 

BHI 808362 Baker Hughes Inc MS 855683 Milestone Scientific Inc 

BIIB 875045 Biogen Idec Inc MS 895421 Morgan Stanley 

BK 9626 Bank Of New York Co Inc MSFT 789019 Microsoft Corp 

BLK 1364742 Blackrock Inc MSI 68505 Motorola Solutions Inc 

BLL 9389 Ball Corp MTB 36270 M&T Bank Corp 

BMY 14272 Bristol Myers Squibb Co MTD 1037646 Mettler Toledo Intertiol Inc 

BSX 885725 Boston Scientific Corp MU 723125 Micron Technology Inc 

BWA 908255 Borgwarner Inc MUR 717423 Murphy Oil Corp 

BXP 1037540 Boston Properties Inc MYL 69499 Mylan Inc 

C 831001 Citigroup Inc VI 1084750 visite Inc 

CA 356028 Ca Inc NBL 72207 Noble Energy Inc 

CAG 23217 Cogra Foods Inc NDAQ 1120193 sdaq Omx Group Inc 

CAH 721371 Cardil Health Inc NEE 753308 Nextera Energy Inc 

CAT 18230 Caterpillar Inc NEM 1164727 Newmont Mining Corp 

CB 20171 Chubb Corp NFLX 1065280 Netflix Inc 

CBG 1138118 Cbre Group Inc NFX 912750 Newfield Exploration Co 

CBOE 1374310 Cboe Holdings Inc NI 1111711 Nisource Inc 

CBS 813828 CBS Corp NKE 320187 Nike Inc 

CCI 1051470 Crown Castle Intertiol Corp NLSN 1492633 Nielsen Holdings NV 

CCL 815097 Carnival Corp NOC 1133421 Northrop Grumman Corp 

CELG 816284 Celgene Corp NOV 1021860 tiol Oilwell Varco Inc 

CERN 804753 Cerner Corp NRG 1013871 NRG Energy Inc 

CF 1324404 CF Industries Holdings Inc NSC 702165 Norfolk Southern Corp 

CF 819692 Charter One Fincial Inc NTAP 1002047 Netapp Inc 

CHD 313927 Church & Dwight Co Inc NTRS 73124 Northern Trust Corp 
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CHK 895126 Chesapeake Energy Corp NUE 73309 Nucor Corp 

CHRW 1043277 C H Robinson Worldwide Inc NVDA 1045810 Nvidia Corp 

CHTR 1091667 Charter Communications Inc NWL 814453 Newell Rubbermaid Inc 

CI 701221 Cig Corp NWS 1308161 Twenty-first Century Fox Inc 

CINF 20286 Cincinti Fincial Corp O 1107565 Osk Capital III Corp 

CL 21665 Colgate Palmolive Co O 726728 Realty Income Corp 

CLX 21076 Clorox Co OKE 74154 Oneok Inc 

CMA 28412 Comerica Inc OKE 1039684 Oneok Inc 

CMCSA 1166691 Comcast Corp OMC 29989 Omnicom Group Inc 

CME 1156375 Cme Group Inc ORCL 777676 Oracle Systems 

CMG 1058090 Chipotle Mexican Grill Inc ORCL 1341439 Oracle Corp 

CMI 26172 Cummins Inc ORLY 898173 O Reilly Automotive Inc 

CMS 811156 CMS Energy Corp OXY 797468 Occidental Petroleum Corp 

CMS 201533 Consumers Energy Co PAYX 723531 Paychex Inc 

CNC 1071739 Centene Corp PCAR 75362 Paccar Inc 

CNP 1130310 Centerpoint Energy Inc PCG 75488 Pacific Gas & Electric Co 

COF 927628 Capital One Fincial Corp PCG 1004980 Pg&e Corp 

COG 858470 Cabot Oil & Gas Corp PCLN 1075531 Priceline Com Inc 

COH 1116132 Coach Inc PDCO 891024 Patterson Companies Inc 

COL 1137411 Rockwell Collins Inc PEG 788784 Public Service Enterprise Group Inc 

COO 711404 Cooper Companies Inc PEP 77476 Pepsico Inc 

COP 1163165 Conocophillips PFG 1126328 Principal Fincial Group Inc 

COST 909832 Costco Wholesale Corp PG 80424 Procter & Gamble Co 

COTY 1024305 Coty Inc PGR 80661 Progressive Corp 

CPB 16732 Campbell Soup Co PH 76334 Parker Hannifin Corp 

CRM 1108524 Salesforce Com Inc PHM 822416 Pultegroup Inc 

CSCO 858877 Cisco Systems Inc PKI 31791 Perkinelmer Inc 

CSX 277948 CSX Corp PLD 899881 Prologis 

CTAS 723254 Cintas Corp PM 1413329 Philip Morris Intertiol Inc 

CTL 18926 Centurylink Inc PNC 713676 PNC Fincial Services Group Inc 

CTSH 1058290 Cognizant Technology Solutions Corp PNR 77360 Pentair LTD 

CTXS 877890 Citrix Systems Inc PNW 764622 Pincle West Capital Corp 

CVS 64803 CVS Caremark Corp PPG 79879 PPG Industries Inc 

CVX 93410 Chevron Corp PPL 317187 PPL Electric Utilities Corp 

CXO 1358071 Concho Resources Inc PPL 922224 PPL Corp 

D 715957 Dominion Resources Inc PRGO 820096 Perrigo Co 

DAL 27904 Delta Air Lines Inc PRU 1137774 Prudential Fincial Inc 

DD 30554 Dupont E I De Nemours & Co PSA 318380 Public Storage Inc 

DE 315189 Deere & Co PSA 1393311 Public Storage 

DFS 902270 Lenox Group Inc PSX 1534701 Phillips 66 

DFS 1393612 Discover Fincial Services PVH 78239 PVH Corp 

DG 29534 Dollar General Corp PWR 1050915 Quanta Services Inc 

DGX 1022079 Quest Diagnostics Inc PX 884905 Praxair Inc 

DHI 882184 Horton D R Inc PXD 1038357 Pioneer tural Resources Co 

DHR 313616 Daher Corp QCOM 804328 Qualcomm Inc 

DIS 1001039 Walt Disney Co R 85961 Ryder System Inc 

DISCA 1437107 Discovery Communications Inc RAI 1275283 Reynolds American Inc 
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DISH 1001082 Dish Network Corp RCL 884887 Royal Caribbean Cruises LTD 

DLR 1297996 Digital Realty Trust Inc REG 910606 Regency Centers Corp 

DLTR 935703 Dollar Tree Inc REGN 872589 Regeneron Pharmaceuticals Inc 

DOV 29905 Dover Corp RF 1281761 Regions Fincial Corp 

DOW 29915 Dow Chemical Co RF 36032 Regions Fincial Corp 

DPS 1418135 DR Pepper Spple Group Inc RHI 315213 Half Robert Intertiol Inc 

DRI 940944 Darden Restaurants Inc RHT 1087423 Red Hat Inc 

DTE 936340 Dte Energy Co RHT 802806 Right Magement Consultants Inc 

DUK 30371 Duke Energy Carolis LLC RIG 1451505 Transocean LTD 

DUK 1326160 Duke Energy Corp RIG 1083269 Transocean Inc 

DVA 927066 Davita Healthcare Partners Inc RJF 720005 Raymond James Fincial Inc 

DVN 837330 Devon Energy Corp RL 1037038 Ralph Lauren Corp 

DVN 1090012 Devon Energy Corp ROK 1024478 Rockwell Automation Inc 

EA 712515 Electronic Arts Inc ROP 882835 Roper Industries Inc 

EBAY 1065088 Ebay Inc ROST 745732 Ross Stores Inc 

ECL 31462 Ecolab Inc RRC 315852 Range Resources Corp 

ED 1047862 Consolidated Edison Inc RSG 1060391 Republic Services Inc 

EFX 33185 Equifax Inc RTN 1047122 Raytheon Co 

EIX 827052 Edison Intertiol SBUX 829224 Starbucks Corp 

EL 1001250 Estee Lauder Companies Inc SCG 91882 South Caroli Electric & Gas Co 

EMN 915389 Eastman Chemical Co SCG 754737 Sca Corp 

EMR 32604 Emerson Electric Co SCHW 316709 Schwab Charles Corp 

EOG 821189 Eog Resources Inc SHW 89800 Sherwin Williams Co 

EQIX 1101239 Equinix Inc SJM 91419 Smucker J M Co 

EQR 906107 Equity Residential SLB 87347 Schlumberger LTD 

EQT 33213 Eqt Corp SLG 1040971 SL Green Realty Corp 

ES 1393744 Energysolutions Inc S 91440 Sp-on Inc 

ESRX 885721 Express Scripts Inc SNI 1430602 Scripps Networks Interactive Inc 

ESRX 1532063 Express Scripts Holding Co SNPS 883241 Synopsys Inc 

ESS 920522 Essex Property Trust Inc SO 92122 Southern Co 

ETFC 1015780 E Trade Fincial Corp SPG 1063761 Simon Property Group Inc 

ETN 31277 Eaton Corp SPLS 791519 Staples Inc 

ETR 65984 Entergy Corp SRCL 861878 Stericycle Inc 

EVHC 1578318 Envision Healthcare Holdings Inc SRE 1032208 Sempra Energy 

EW 1099800 Edwards Lifesciences Corp STI 750556 Suntrust Banks Inc 

EXC 1109357 Exelon Corp STT 93751 State Street Corp 

EXPD 746515 Expeditors Intertiol Of Washington Inc STX 1137789 Seagate Technology PLC 

EXPE 1095357 Expedia Inc STZ 16918 Constellation Brands Inc 

EXPE 1324424 Expedia Inc SWK 93556 Stanley Black & Decker Inc 

EXR 1289490 Extra Space Storage Inc SWKS 4127 Skyworks Solutions Inc 

F 37996 Ford Motor Co SYK 310764 Stryker Corp 

FAST 815556 Fastel Co SYMC 849399 Symantec Corp 

FB 1326801 Facebook Inc SYY 96021 Sysco Corp 

FBHS 1519751 Fortune Brands Home & Security Inc T 732717 At&t Inc 

FCX 831259 Freeport Mcmoran Copper & Gold Inc T 5907 At&t Corp 

FDX 1048911 Fedex Corp T 1026304 Buckhead Community Bancorp Inc 

FE 1031296 Firstenergy Corp TAP 24545 Molson Coors Brewing Co 
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FFIV 1048695 F5 Networks Inc TAP 919482 Travelers Property Casualty Corp 

FIS 1136893 Fidelity tiol Information Services Inc TDC 816761 Teradata Corp 

FISV 798354 Fiserv Inc TDG 1260221 Transdigm Group Inc 

FITB 35527 Third Bancorp Fifth TEL 1385157 Te Connectivity LTD 

FL 850209 Foot Locker Inc TGT 27419 Target Corp 

FLIR 354908 Flir Systems Inc TGT 946115 Target Receivables Corp 

FLR 1124198 Fluor Corp TIF 98246 Tiffany & Co 

FLS 30625 Flowserve Corp TJX 109198 TJX Companies Inc 

FMC 37785 FMC Corp TMK 320335 Torchmark Corp 

FOX 1068002 Fox Entertainment Group Inc TMO 97745 Thermo Fisher Scientific Inc 

FRT 34903 Federal Realty Investment Trust TRIP 1526520 Tripadvisor Inc 

FTI 1135152 FMC Technologies Inc TROW 1113169 Price T Rowe Group Inc 

GD 40533 General Dymics Corp TRV 1024124 Thousand Trails Inc 

GE 40545 General Electric Co TRV 86312 Travelers Companies Inc 

GGP 1496048 General Growth Properties Inc TSCO 916365 Tractor Supply Co 

GGP 895648 

GGP Inc Fka General Growth Properties 

Inc & Predecessor To General Growth 

Properties Inc 

TSN 100493 Tyson Foods Inc 

GILD 882095 Gilead Sciences Inc TSO 50104 Tesoro Corp 

GIS 40704 General Mills Inc TSS 721683 Total System Services Inc 

GLW 24741 Corning Inc TWX 1105705 Time Warner Inc 

GM 1467858 General Motors Co TXN 97476 Texas Instruments Inc 

GM 40730 Motors Liquidation Co TXT 217346 Textron Inc 

GOOG 1288776 Google Inc UAL 100517 United Continental Holdings Inc 

GPC 40987 Genuine Parts Co UDR 74208 Udr Inc 

GPN 1123360 Global Payments Inc UHS 352915 Universal Health Services Inc 

GPS 39911 Gap Inc ULTA 1403568 
Ulta Salon Cosmetics & Fragrance 

Inc 

GRMN 1121788 Garmin LTD UNH 731766 Unitedhealth Group Inc 

GS 886982 Goldman Sachs Group Inc UNM 5513 Unum Group 

GT 42582 Goodyear Tire & Rubber Co UNP 100885 Union Pacific Corp 

GWW 277135 Grainger W W Inc UPS 1090727 United Parcel Service Inc 

HAL 45012 Halliburton Co URI 1047166 United Rentals North America Inc 

HAS 46080 Hasbro Inc URI 1067701 United Rentals Inc 

HBAN 49196 Huntington Bancshares Inc USB 36104 US Bancorp 

HBI 1359841 Hanesbrands Inc UTX 101829 United Technologies Corp 

HCA 860730 Hca Holdings Inc V 1403161 Visa Inc 

HCN 766704 Health Care REIT Inc VAR 203527 Varian Medical Systems Inc 

HCP 765880 HCP Inc VFC 103379 V F Corp 

HD 354950 Home Depot Inc VLO 1035002 Valero Energy Corp 

HES 4447 Hess Corp VMC 103973 Legacy Vulcan Corp 

HIG 874766 Hartford Fincial Services Group Inc VMC 1396009 Vulcan Materials Co 

HOG 793952 Harley Davidson Inc VNO 899689 Vordo Realty Trust 

HOLX 859737 Hologic Inc VRSK 1442145 Verisk Alytics Inc 

HON 773840 Honeywell Intertiol Inc VRSN 1014473 Verisign Inc 

HP 46765 Helmerich & Payne Inc VRTX 875320 Vertex Pharmaceuticals Inc 

HPQ 47217 Hewlett Packard Co VTR 740260 Ventas Inc 

HRB 12659 H&R Block Inc VZ 732712 Verizon Communications Inc 
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HRL 48465 Hormel Foods Corp WAT 1000697 Waters Corp 

HRS 202058 Harris Corp WDC 106040 Western Digital Corp 

HSIC 1000228 Henry Schein Inc WEC 783325 Wisconsin Energy Corp 

HST 1070750 Host Hotels & Resorts Inc WFC 72971 Wells Fargo & Company 

HSY 47111 Hershey Co WHR 106640 Whirlpool Corp 

HUM 49071 Huma Inc WM 933136 Wmi Holdings Corp 

IBM 51143 Intertiol Business Machines Corp WM 823768 Waste Magement Inc 

IDXX 874716 Idexx Laboratories Inc WMB 107263 Williams Companies Inc 

IFF 51253 Intertiol Flavors & Fragrances Inc WMT 104169 Wal Mart Stores Inc 

ILMN 1110803 Illumi Inc WU 1365135 Western Union Co 

INCY 879169 Incyte Corp WY 106535 Weyerhaeuser Co 

INTC 50863 Intel Corp WYN 1361658 Wyndham Worldwide Corp 

INTU 896878 Intuit Inc WYNN 1174922 Wynn Resorts LTD 

IP 51434 Intertiol Paper Co XEC 1168054 Cimarex Energy Co 

IPG 51644 Interpublic Group Of Companies Inc XEL 72903 Xcel Energy Inc 

IR 1160497 Ingersoll Rand Co LTD XL 875159 XL Group PLC 

IRM 1020569 Iron Mountain Inc XLNX 743988 Xilinx Inc 

ISRG 1035267 Intuitive Surgical Inc XOM 34088 Exxon Mobil Corp 

IT 749251 Gartner Inc XRAY 818479 Dentsply Intertiol Inc 

ITW 49826 Illinois Tool Works Inc XRX 108772 Xerox Corp 

IVZ 914208 Invesco LTD XYL 1524472 Xylem Inc 

JBHT 728535 Hunt J B Transport Services Inc YHOO 1011006 Yahoo Inc 

JCI 53669 Johnson Controls Inc YUM 1041061 Yum Brands Inc 

JEC 52988 Jacobs Engineering Group Inc ZION 109380 Zions Bancorporation 

JNJ 200406 Johnson & Johnson ZTS 1555280 Zoetis Inc 
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Appendix G 

Table G-1: S&P 500 index return vs SM degree centrality daily cumulated return 

Index 
S&P Index daily 
Return 

SM Degree Centrality Strategy daily cumulated return 

Long Short Long&Short 

2/24/2017 0.00149225 0.01139764 0.01898168 0.030379326 

2/27/2017 0.00101747 -0.01818595 0 -0.018185947 

2/28/2017 -0.00258171 0.00769278 -0.00027805 0.007414723 

3/1/2017 0.01358121 0.05851416 0 0.058514157 

3/2/2017 -0.00587712 0.03024694 0.02826012 0.058507061 

3/3/2017 0.00050375 0.05962393 -0.01855904 0.041064885 

3/6/2017 -0.00328262 0.0324718 0.02320485 0.055676649 

3/7/2017 -0.00291763 -0.08416558 0 -0.084165577 

3/8/2017 -0.00228683 0.04258073 0 0.042580726 

3/9/2017 0.00079958 0 -0.01301964 -0.013019639 

3/10/2017 0.00326334 0.02523681 0 0.025236811 

3/13/2017 0.00036657 0.01789839 -0.01062545 0.007272941 

3/14/2017 -0.00338475 0 0.03248319 0.032483188 

3/15/2017 0.00833988 0 0.05815751 0.058157507 

3/16/2017 -0.00162803 -0.00293119 0.02331164 0.02038044 

3/17/2017 -0.00131518 0.02680956 0 0.02680956 

3/20/2017 -0.00201192 -0.00183273 0 -0.001832733 

3/21/2017 -0.01248559 -0.00501047 0.09253249 0.087522023 

3/22/2017 0.0018881 0.04665628 0 0.046656281 

3/23/2017 -0.00106083 -0.00433399 0 -0.004333991 

3/24/2017 -0.00084435 -0.00075633 0.003617 0.002860674 

3/27/2017 -0.00102011 -0.00585866 0 -0.005858663 

3/28/2017 0.00722531 0 -0.01165143 -0.011651428 

3/29/2017 0.00108474 0.00105425 0 0.001054245 

3/30/2017 0.00293081 0 -0.02888055 -0.02888055 

3/31/2017 -0.00225759 0 0.00511679 0.005116788 

4/3/2017 -0.00164348 -0.01266184 0.00621708 -0.006444763 

4/4/2017 0.00055937 0.00338993 0.00663463 0.010024568 

4/5/2017 -0.00305954 -0.00029803 0.00104066 0.000742629 

4/6/2017 0.00192765 0.00798043 0 0.00798043 

4/7/2017 -0.00082747 0 0.0042488 0.004248802 

4/10/2017 0.00068745 0.00131625 0 0.001316252 
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4/11/2017 -0.00143491 -0.03768754 0 -0.037687541 

4/12/2017 -0.00376704 -0.00092009 0.00803175 0.007111658 

4/13/2017 -0.00683802 0 -0.00185505 -0.001855054 

4/17/2017 0.00857647 0.00867799 -0.00113744 0.007540552 

4/18/2017 -0.0029076 0 -0.01506027 -0.015060273 

4/19/2017 -0.00171783 -0.02020574 0.00083294 -0.019372802 

4/20/2017 0.00752885 0.00229822 0 0.00229822 

4/21/2017 -0.00303969 -0.01431147 0 -0.014311471 

4/24/2017 0.01078174 0 0.02446363 0.024463626 

4/25/2017 0.00607221 0 0.01086176 0.010861759 

4/26/2017 -0.00048582 0.00620244 -0.00570731 0.000495129 

4/27/2017 0.00055277 -0.02345751 0.00932287 -0.014134638 

4/28/2017 -0.00191498 -0.00408573 -0.03142475 -0.035510481 

5/1/2017 0.00173079 -0.00610074 -0.00573538 -0.011836127 

SUM 0.01032 0.147245 0.213385 0.36063 

Average 0.000224 0.003201 0.004639 0.00784 

 

Table G-2: S&P 500 index return vs SM betweenness centrality daily cumulated return 

Index 
S&P Index daily 
Return 

SM Betweenness Centrality Strategy daily cumulated return 

Long Short Long&Short 

2/24/2017 0.001492 0.003773 -0.00896 -0.00519 

2/27/2017 0.001017 0 -0.01551 -0.01551 

2/28/2017 -0.00258 -0.01342 0 -0.01342 

3/1/2017 0.013581 -0.00475 0 -0.00475 

3/2/2017 -0.00588 0.009706 0 0.009706 

3/3/2017 0.000504 -0.00357 0 -0.00357 

3/6/2017 -0.00328 0.002993 0.010732 0.013725 

3/7/2017 -0.00292 0.012153 0 0.012153 

3/8/2017 -0.00229 -0.02579 0 -0.02579 

3/9/2017 0.0008 -0.00898 0 -0.00898 

3/10/2017 0.003263 0.011878 -0.00397 0.007911 

3/13/2017 0.000367 -0.00754 0.006959 -0.00058 

3/14/2017 -0.00338 -0.01688 0 -0.01688 

3/15/2017 0.00834 -0.00696 0.001854 -0.00511 

3/16/2017 -0.00163 0 -0.00182 -0.00182 
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3/17/2017 -0.00132 0 0.002882 0.002882 

3/20/2017 -0.00201 0.005657 0.007015 0.012671 

3/21/2017 -0.01249 0.008198 0.000302 0.008499 

3/22/2017 0.001888 0 -0.05212 -0.05212 

3/23/2017 -0.00106 0 -0.00211 -0.00211 

3/24/2017 -0.00084 0 -0.03457 -0.03457 

3/27/2017 -0.00102 0.075161 0.001451 0.076612 

3/28/2017 0.007225 -0.00263 0 -0.00263 

3/29/2017 0.001085 0 -0.12401 -0.12401 

3/30/2017 0.002931 -0.00231 0 -0.00231 

3/31/2017 -0.00226 0.065184 0 0.065184 

4/3/2017 -0.00164 -0.02329 -0.01351 -0.0368 

4/4/2017 0.000559 0.024381 0.051237 0.075618 

4/5/2017 -0.00306 0 -0.03901 -0.03901 

4/6/2017 0.001928 0 0 0 

4/7/2017 -0.00083 0.077598 0.009594 0.087192 

4/10/2017 0.000687 0.019131 0.036798 0.055929 

4/11/2017 -0.00143 -0.03707 0.036836 -0.00023 

4/12/2017 -0.00377 -0.12559 0 -0.12559 

4/13/2017 -0.00684 -0.17413 0 -0.17413 

4/17/2017 0.008576 0.005631 -0.01786 -0.01223 

4/18/2017 -0.00291 -0.35238 0 -0.35238 

4/19/2017 -0.00172 0 0.10862 0.10862 

4/20/2017 0.007529 0 -0.02055 -0.02055 

4/21/2017 -0.00304 -0.07952 0 -0.07952 

4/24/2017 0.010782 0.023406 0 0.023406 

4/25/2017 0.006072 0 -0.04262 -0.04262 

4/26/2017 -0.00049 0 0.006613 0.006613 

4/27/2017 0.000553 -0.02446 0.002405 -0.02205 

4/28/2017 -0.00191 -0.03308 0 -0.03308 

5/1/2017 0.001731 0.005268 -0.00519 7.39E-05 

SUM 0.01032 -0.59224 -0.09851 -0.69075 

Average 0.000224 -0.01287 -0.00214 -0.01502 
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Table G-3: S&P 500 index return vs SM closeness centrality daily cumulated return 

Index 
S&P Index daily 
Return 

SM Closeness Centrality Strategy daily cumulated return 

Long Short Long&Short 

2/24/2017 0.001492 0.011398 0.018982 0.030379 

2/27/2017 0.001017 -0.01819 0 -0.01819 

2/28/2017 -0.00258 0.007693 -0.00028 0.007415 

3/1/2017 0.013581 0.058514 0 0.058514 

3/2/2017 -0.00588 0.030247 0.02826 0.058507 

3/3/2017 0.000504 0.059624 -0.01856 0.041065 

3/6/2017 -0.00328 0.032472 0.023205 0.055677 

3/7/2017 -0.00292 -0.08417 0 -0.08417 

3/8/2017 -0.00229 0.042581 0 0.042581 

3/9/2017 0.0008 0 -0.01302 -0.01302 

3/10/2017 0.003263 0.025237 0 0.025237 

3/13/2017 0.000367 0.017898 -0.01063 0.007273 

3/14/2017 -0.00338 0 0.032483 0.032483 

3/15/2017 0.00834 0 0.058158 0.058158 

3/16/2017 -0.00163 -0.00293 0.023312 0.02038 

3/17/2017 -0.00132 0.02681 0 0.02681 

3/20/2017 -0.00201 -0.00183 0 -0.00183 

3/21/2017 -0.01249 -0.00501 0.092532 0.087522 

3/22/2017 0.001888 0.046656 0 0.046656 

3/23/2017 -0.00106 -0.00433 0 -0.00433 

3/24/2017 -0.00084 0 -0.03457 -0.03457 

3/27/2017 -0.00102 0.075161 0.001451 0.076612 

3/28/2017 0.007225 -0.00263 0 -0.00263 

3/29/2017 0.001085 0 -0.12401 -0.12401 

3/30/2017 0.002931 -0.00231 0 -0.00231 

3/31/2017 -0.00226 0.065184 0 0.065184 

4/3/2017 -0.00164 -0.02329 -0.01351 -0.0368 

4/4/2017 0.000559 0.024381 0.051237 0.075618 

4/5/2017 -0.00306 0 -0.03901 -0.03901 

4/6/2017 0.001928 0 0 0 

4/7/2017 -0.00083 0.077598 0.009594 0.087192 

4/10/2017 0.000687 0.019131 0.036798 0.055929 

4/11/2017 -0.00143 -0.03707 0.036836 -0.00023 

4/12/2017 -0.00377 -0.12559 0 -0.12559 

4/13/2017 -0.00684 -0.17413 0 -0.17413 

4/17/2017 0.008576 0.005631 -0.01786 -0.01223 
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4/18/2017 -0.00291 -0.35238 0 -0.35238 

4/19/2017 -0.00172 0 0.10862 0.10862 

4/20/2017 0.007529 0 -0.02055 -0.02055 

4/21/2017 -0.00304 -0.07952 0 -0.07952 

4/24/2017 0.010782 0 1.87E-05 1.87E-05 

4/25/2017 0.006072 -0.03787 0 -0.03787 

4/26/2017 -0.00049 0.006975 0 0.006975 

4/27/2017 0.000553 0.010523 -0.02022 -0.00969 

4/28/2017 -0.00191 0 -0.0003 -0.0003 

5/1/2017 0.001731 -0.00077 0.008014 0.007248 

SUM 0.01032 -0.3083 0.216993 -0.09131 

Average 0.000224 -0.0067 0.004717 -0.00198 

 

Table G-4: S&P 500 index return vs EWMA degree centrality daily cumulated return 

Index 
S&P Index daily 
Return 

EWMA Degree Centrality Strategy daily cumulated return 

Long Short Long&Short 

2/24/2017 0.00149225 0 0.013021 0.013021 

2/27/2017 0.00101747 0 0.010728 0.010728 

2/28/2017 -0.00258171 0 0.011641 0.011641 

3/1/2017 0.01358121 -0.03043 0 -0.03043 

3/2/2017 -0.00587712 0.012162 0.006855 0.019017 

3/3/2017 0.00050375 -0.01399 0 -0.01399 

3/6/2017 -0.00328262 -0.02368 0 -0.02368 

3/7/2017 -0.00291763 0.022821 -0.01916 0.003665 

3/8/2017 -0.00228683 0.00339 -0.03599 -0.0326 

3/9/2017 0.00079958 -4.71E-05 0.003796 0.003749 

3/10/2017 0.00326334 0.005905 0.01086 0.016765 

3/13/2017 0.00036657 0.033941 0.012895 0.046836 

3/14/2017 -0.00338475 -0.02358 0.007493 -0.01609 

3/15/2017 0.00833988 0.018227 0.027649 0.045876 

3/16/2017 -0.00162803 -0.00379 -0.03323 -0.03702 

3/17/2017 -0.00131518 0.005236 -0.01265 -0.00742 

3/20/2017 -0.00201192 -0.00392 -0.00246 -0.00637 

3/21/2017 -0.01248559 0.090149 0.08301 0.173159 

3/22/2017 0.0018881 0.043264 0.071825 0.115089 
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3/23/2017 -0.00106083 -0.03512 -0.00499 -0.0401 

3/24/2017 -0.00084435 0 0.006286 0.006286 

3/27/2017 -0.00102011 0 0.005326 0.005326 

3/28/2017 0.00722531 0 -0.01531 -0.01531 

3/29/2017 0.00108474 0 0.018638 0.018638 

3/30/2017 0.00293081 0 -0.03373 -0.03373 

3/31/2017 -0.00225759 0 0.00097 0.00097 

4/3/2017 -0.00164348 0 0.016219 0.016219 

4/4/2017 0.00055937 0 0.006129 0.006129 

4/5/2017 -0.00305954 0 0.001194 0.001194 

4/6/2017 0.00192765 0 -0.01626 -0.01626 

4/7/2017 -0.00082747 0 0.001641 0.001641 

4/10/2017 0.00068745 0 -0.00036 -0.00036 

4/11/2017 -0.00143491 0 0.049495 0.049495 

4/12/2017 -0.00376704 0 -5.11E-05 -5.11E-05 

4/13/2017 -0.00683802 0 -0.00405 -0.00405 

4/17/2017 0.00857647 0 -0.01572 -0.01572 

4/18/2017 -0.0029076 0 -0.01512 -0.01512 

4/19/2017 -0.00171783 0 0.031881 0.031881 

4/20/2017 0.00752885 0 -0.00332 -0.00332 

4/21/2017 -0.00303969 0 0.021994 0.021994 

4/24/2017 0.01078174 -0.01191 -0.00193 -0.01384 

4/25/2017 0.00607221 0 -0.00237 -0.00237 

4/26/2017 -0.00048582 0 -0.01253 -0.01253 

4/27/2017 0.00055277 0 0.032363 0.032363 

4/28/2017 -0.00191498 0 -0.04713 -0.04713 

5/1/2017 0.00173079 0 0.01026 0.01026 

SUM 0.01032 0.088631 0.185803 0.274434 

Average 0.000224 0.001927 0.004039 0.005966 
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Table G-5: S&P 500 index return vs EWMA betweenness centrality daily cumulated return 

Index 
S&P Index daily 
Return 

EWMA Betweenness Centrality Strategy daily cumulated return 

Long Short Long&Short 

2/24/2017 0.00149225 -0.00747 -0.03029 -0.03776 

2/27/2017 0.00101747 0 -0.01707 -0.01707 

2/28/2017 -0.00258171 0 0.020574 0.020574 

3/1/2017 0.01358121 0 0.014426 0.014426 

3/2/2017 -0.00587712 0 -0.01722 -0.01722 

3/3/2017 0.00050375 0 0.040678 0.040678 

3/6/2017 -0.00328262 0 0.015689 0.015689 

3/7/2017 -0.00291763 0 0.000674 0.000674 

3/8/2017 -0.00228683 0 0.030695 0.030695 

3/9/2017 0.00079958 0 0.014323 0.014323 

3/10/2017 0.00326334 0 -0.00956 -0.00956 

3/13/2017 0.00036657 0 0.030029 0.030029 

3/14/2017 -0.00338475 0 0.016885 0.016885 

3/15/2017 0.00833988 0 -0.0069 -0.0069 

3/16/2017 -0.00162803 0 -0.011 -0.011 

3/17/2017 -0.00131518 0 -0.00171 -0.00171 

3/20/2017 -0.00201192 0 0.011294 0.011294 

3/21/2017 -0.01248559 0 -0.00983 -0.00983 

3/22/2017 0.0018881 0 -0.05212 -0.05212 

3/23/2017 -0.00106083 0 -0.00819 -0.00819 

3/24/2017 -0.00084435 -0.06062 0 -0.06062 

3/27/2017 -0.00102011 0 0.031695 0.031695 

3/28/2017 0.00722531 0 -0.00012 -0.00012 

3/29/2017 0.00108474 0 -0.19233 -0.19233 

3/30/2017 0.00293081 0 0.054391 0.054391 

3/31/2017 -0.00225759 0 0.071788 0.071788 

4/3/2017 -0.00164348 0 -0.00509 -0.00509 

4/4/2017 0.00055937 0 0.038197 0.038197 

4/5/2017 -0.00305954 0 -0.07481 -0.07481 

4/6/2017 0.00192765 0 -0.02457 -0.02457 

4/7/2017 -0.00082747 0 0.007678 0.007678 

4/10/2017 0.00068745 0 -0.04409 -0.04409 

4/11/2017 -0.00143491 0 0.069232 0.069232 

4/12/2017 -0.00376704 0 0.201135 0.201135 

4/13/2017 -0.00683802 0 0.174126 0.174126 
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4/17/2017 0.00857647 0 -0.04207 -0.04207 

4/18/2017 -0.0029076 0 0.554742 0.554742 

4/19/2017 -0.00171783 0 -0.20372 -0.20372 

4/20/2017 0.00752885 0 -0.0573 -0.0573 

4/21/2017 -0.00303969 0 0.085097 0.085097 

4/24/2017 0.01078174 -0.00255 -0.00108 -0.00362 

4/25/2017 0.00607221 0 -0.1066 -0.1066 

4/26/2017 -0.00048582 0 -0.01042 -0.01042 

4/27/2017 0.00055277 0 0.040596 0.040596 

4/28/2017 -0.00191498 0 0.033081 0.033081 

5/1/2017 0.00173079 0 -0.02112 -0.02112 

SUM 0.01032 -0.07064 0.6098 0.539165 

Average 0.000224 -0.00154 0.013257 0.011721 
 
 

Table G-6: S&P 500 index return vs EWMA closeness centrality daily cumulated return 

Index 
S&P Index daily 
Return 

EWMA Closeness Centrality Strategy daily cumulated return 

Long Short Long&Short 

2/24/2017 0.00149225 0 0.013021 0.013021 

2/27/2017 0.00101747 0 0.010728 0.010728 

2/28/2017 -0.00258171 0 0.011641 0.011641 

3/1/2017 0.01358121 -0.03043 0 -0.03043 

3/2/2017 -0.00587712 0.012162 0.006855 0.019017 

3/3/2017 0.00050375 -0.01399 0 -0.01399 

3/6/2017 -0.00328262 -0.02368 0 -0.02368 

3/7/2017 -0.00291763 0.022821 -0.01916 0.003665 

3/8/2017 -0.00228683 0.00339 -0.03599 -0.0326 

3/9/2017 0.00079958 -4.71E-05 0.003796 0.003749 

3/10/2017 0.00326334 0.005905 0.01086 0.016765 

3/13/2017 0.00036657 0.033941 0.012895 0.046836 

3/14/2017 -0.00338475 -0.02358 0.007493 -0.01609 

3/15/2017 0.00833988 0.018227 0.027649 0.045876 

3/16/2017 -0.00162803 -0.00379 -0.03323 -0.03702 

3/17/2017 -0.00131518 0.005236 -0.01265 -0.00742 

3/20/2017 -0.00201192 -0.00392 -0.00246 -0.00637 

3/21/2017 -0.01248559 0.090149 0.08301 0.173159 

3/22/2017 0.0018881 0.043264 0.071825 0.115089 

3/23/2017 -0.00106083 -0.03512 -0.00499 -0.0401 
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3/24/2017 -0.00084435 -0.06062 0 -0.06062 

3/27/2017 -0.00102011 0 0.031695 0.031695 

3/28/2017 0.00722531 0 -0.00012 -0.00012 

3/29/2017 0.00108474 0 -0.19233 -0.19233 

3/30/2017 0.00293081 0 0.054391 0.054391 

3/31/2017 -0.00225759 0 0.071788 0.071788 

4/3/2017 -0.00164348 0 -0.00509 -0.00509 

4/4/2017 0.00055937 0 0.038197 0.038197 

4/5/2017 -0.00305954 0 -0.07481 -0.07481 

4/6/2017 0.00192765 0 -0.02457 -0.02457 

4/7/2017 -0.00082747 0 0.007678 0.007678 

4/10/2017 0.00068745 0 -0.04409 -0.04409 

4/11/2017 -0.00143491 0 0.069232 0.069232 

4/12/2017 -0.00376704 0 0.201135 0.201135 

4/13/2017 -0.00683802 0 0.174126 0.174126 

4/17/2017 0.00857647 0 -0.04207 -0.04207 

4/18/2017 -0.0029076 0 0.554742 0.554742 

4/19/2017 -0.00171783 0 -0.20372 -0.20372 

4/20/2017 0.00752885 0 -0.0573 -0.0573 

4/21/2017 -0.00303969 0 0.085097 0.085097 

4/24/2017 0.01078174 0 -0.01011 -0.01011 

4/25/2017 0.00607221 0 0.083262 0.083262 

4/26/2017 -0.00048582 0 0.013799 0.013799 

4/27/2017 0.00055277 0 -0.04051 -0.04051 

4/28/2017 -0.00191498 0 -0.01993 -0.01993 

5/1/2017 0.00173079 0 0.01994 0.01994 

SUM 0.01032 0.039922 0.841715 0.881637 

Average 0.000224 0.000868 0.018298 0.019166 
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