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Abstract—This research is based on a data set that replicates 

the entire NASDAQ stock exchange, which is the second-

largest stock market (measured by market capitalization of 

shares traded). Since there is a huge number of stock 

market events in each trading day which caused the update 

of the shape of the Limit Order Book, the data produced by 

the stock market is huge and demanding for processing. In 

order to do research with a huge data set, we propose a 

framework for data processing. 

 

I. INTRODUCTION 

At the end of the last century, technology has modified 

traditional stock exchange systems, which were 

physically located, into the electronic stock exchanges, 

which use an online trading platform. This leads to the 

new forms of trading, namely algorithmic trading and 

High-Frequency Trading (HFT), which utilize the 

communication technology speed.  

 

In recent years data scientists have almost replaced the 

role of a trader in the sense that they are creating and 

statistically verifying trading strategies in order to obtain 

profit in the stock market. Algorithmic trading (or 

automated trading) is a form of trading that uses a 

computer program to determine and execute trading 

strategies. The trading strategies employ mathematics and 

high-speed computers, and they are derived following 

instructions based on variables such as timing, price, 

quantity, etc. There are several ways to evaluate strategy, 

for a comprehensive overview see [1]. 

 

High-Frequency Trading (HFT) is a special method of 

algorithmic trading with characteristics that the portfolio 

holding period is very short. It uses sophisticated 

algorithms and technological tools to analyze multiple 

markets and rapidly trade securities in seconds or 

fractions of a second.     

A. The Limit Order Book (LOB) 

The limit order book (LOB) is the main structure for 
modern electronic financial markets, and its function is to 
record all limit orders. While both limit orders and market 
orders are orders to buy or sell a stock, the main difference 
is in the mode of how they get executed. With a limit 
order, you name the price for which you are willing to 
buy/sell trade, so you place a limit order in the LOB and if 
the market hits the price at which limit order has been 
placed the trade occurs and that limit order gets executed. 
On the other hand, with a market order you immediately 
execute the trade for a price that is actual market price. 
For any price the shape of the limit order book denote the 
number of shares (volume) sitting at that price in the LOB, 

while the cumulative shape up to price p denotes the total 
volume sitting between the best limit and price p. In the 
literature, those quantities are often known as the depth of 
the order book. 

B. The market data 

 
The National Association of Securities Dealers 

Automated Quotation, known as NASDAQ, is the second 
largest stock market in the world (measured by market 
capitalization of shares traded). It was founded in 1971 in 
New York City. Many of the world leading companies are 
listed on NASDAQ, such as Facebook, Tesla, Amazon, 
Apple, Microsoft, Alphabet, Cisco, etc. In our research we 
use Limit Order Book System-Efficient Reconstructor 
(LOBSTER

1
) online limit order data. LOBSTER is a LOB 

tool that replicates the entire NASDAQ stock exchange 
order book by utilizing the NASDAQ's Historical 
TotalView-ITCH files. The data is available from the 27th 
of June 2007 and up to the two days ago from the current 
day and for each ticker (e.g. Tesla (TSLA), Apple 
(AAPL), Microsoft (MSFT)). LOBSTER records all 
submissions, executions of limit orders, cancellations, 
executions of hidden order, deletion, etc. For each 
timestamp, there is a huge amount of features that can be 
extracted to explain the LOB shape, such as the best ask 
price, the price on the ask side on the level 3, the number 
of shares sitting on the first 3 levels on the ask side, etc. 
The particular snapshots of the Apple stock 3 level limit 
order book are depicted in Fig. 1-5, while the snapshots of 
the Microsoft stock 3 level limit order book can be found 
in Fig. 6 and Fig. 7. 

 
Figure 1.  Snapshot of the NASDAQ limit order book for AAPL stock 

symbol for 3 levels at 10:02:36am (on the 1st December 2016). On the 
bid/ask side are placed outstanding buy/sell orders (gold/blue), and the 

best bid price is $110.35 with volume of 150 shares, while the best ask 
price is $110.36 with volume of 380 shares. 
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Figure 2.  Snapshot of the NASDAQ limit order book for AAPL stock 

symbol for 3 levels at 10:35:01am (on the 1st December 2016). On the 

bid/ask side are placed outstanding buy/sell orders (gold/blue), and the 
best bid price is $109.81 with volume of 1600 shares, while the best ask 

price is $109.82 with volume of 250 shares. 

 
Figure 3.  Snapshot of the NASDAQ limit order book for AAPL stock 

symbol for 3 levels at 10:49:52am (on the 1st December 2016). On the 

bid/ask side are placed outstanding buy/sell orders (gold/blue), and the 

best bid price is $109.69 with volume of 2000 shares, while the best ask 
price is $109.71 with volume of 2500 shares. 

 
Figure 4.  Snapshot of the NASDAQ limit order book for AAPL stock 

symbol for 3 levels at 11:06:20am (on the 1st December 2016). On the 
bid/ask side are placed outstanding buy/sell orders (gold/blue), and the 

best bid price is $109.89 with volume of 1350 shares, while the best ask 
price is $109.91 with volume of 700 shares. 

 
Figure 5.  Snapshot of the NASDAQ limit order book for AAPL stock 

symbol for 3 levels at 11:12:01am (on the 1st December 2016). On the 

bid/ask side are placed outstanding buy/sell orders (gold/blue), and the 
best bid price is $109.64 with volume of 480 shares, while the best ask 

price is $109.65 with volume of 880 shares. 

 
Figure 6.  Snapshot of the NASDAQ limit order book for MSFT stock 

symbol for 3 levels at 09:59:35am (on the 9th January 2017). On the 

bid/ask side are placed outstanding buy/sell orders (gold/blue), and the 

best bid price is $63.04 with volume of  1150 shares, while the best ask 
price is $63.05 with volume of 1600 shares. 

 
Figure 7.  Snapshot of the NASDAQ limit order book for MSFT stock 

symbol for 3 levels at 10:30:37am (on the 9th January 2017). On the 
bid/ask side are placed outstanding buy/sell orders (gold/blue), and the 

best bid price is $63.04 with volume of  3400 shares, while the best ask 

price is $62.93 with volume of 2800 shares. 
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II. THE TECHNICAL ANALYSIS INDICATORS 

Furthermore, all standardly known technical 

indicators, which are used every day in the trading 

industry, can be employed to get more information about 

market behavior. In [2] we have introduced data 

transformation process, during which we enhance data set 

with the technical indicators. Technical analysis 

indicators are derived from the trend and pattern 

recognition studies on past market data to predict prices. 

Technical indicators are based on mathematical 

transformations of price and each indicator delivers 

unique information.  
For a comprehensive description of the technical 

analysis indicators see [3], [4], [5] and [6]. 

A. The Simple Moving Average 

 One of the simplest technical indicators is Moving 
Average, which compares the average price with respect 
to a longer period against a shorter period timestamps. 
The Simple Moving Average (SMA) is a well-known 
indicator defined as the moving (running) average price 
calculated by adding the n  recent prices and then 
dividing this total by n , where n  is the number of the 
observed time periods. Each of the prices has equal 
weight, i.e.:  

n

PPP
=SMA n ...21

, 

where kP  is the price of an asset at period  
 nk ,...,2,1  and n  is the number of observed 

periods. 

Short-term averages correspond to indicate quick 
changes in the asset price, on the other hand, long-term 
averages indicate slower changes.  If the stock price goes 
below the moving average line it indicates that it is a good 
time to sell, and vice versa. 

Further, considering two moving averages, one with 
long-term average and short-term average. When the 
short-term average crosses above the long-term average, 
so-called a bullish moving average crossover occurs, 
indicating that it is a good time to buy. When the short-
term average crosses below the long-term average, so-
called a bearish moving average crossover occurs, 
indicating that it is a good time to sell.SMA belongs to the 
group of Moving averages indicators, used to identify the 
potential price trend change and to describe the current 
trend. From the class of Moving Average(MA) indicators 
widely used one is the exponential moving average 
(EMA). 

The EMA assigns larger weights to on recent prices 
than on older prices, while the SMA assigns equal weight 
to each price. 

III. THE MAIN IDEA 

In order to develop a statistical arbitrage strategy and 

to explain the behavior present in the stock market, we 

extract features of interests (see [2]) in order to employ 

the concepts of supervised and unsupervised learning. 

Many financial institutions and hedge funds employ 

technical analysis to reinforce the power to predict price 

movements. Since we are working with a big data set and 

we even want to extract more features and to employ 

technical analysis, we need a supercomputer with a big 

operational memory and storage. However, due to the 

limited power of a single PC and a huge amount of data, 

we employ technology to be able to process data. 

 

IV. THE PROPOSED METHODOLOGY 

A. Motivation 

Processing market data, in general, would require a 

very fast supercomputer with a large number of cores and 

terabytes of operational memory and storage. In the last 

decade, the new concept of scaling, namely horizontal 

scaling, was introduced. By horizontal scaling, it is meant 

that scaling is obtained by adding more machines to a 

single machine. This approach has many applications 

since adding more resources to a single machine (i.e. 

vertical scaling) tends to be very expensive and has its 

limitations when working with an extreme amount of 

data. On the other hand, the horizontal scaling allows us 

to combine together computational power from multiple 

cheaper machines. The first distributed file system, called 

the Google File System (GFS), was proposed by 

Ghemawat et al. [7] and employed the power of multiple 

computers to deal with Google’s growing data processing 

needs. Later, different distributed computational engines 

were proposed to allow the parallelization of 

computationally expensive in terms of the time (including 

the advanced machine learning algorithms and its various 

applications). One of the widely used distributed 

computational engines is Apache Spark. 

In order to deal with immense amount of data such as 

market data, choosing adequate technology and tools is as 

crucial as choosing effective techniques to handle that 

data. When it comes to choosing a good system for large-

scale data processing, Apache Spark1 is a unified 

analytics engine specially designed for that. Among its 

main advantages from the programmers' point of view is 

easy parallelism implementation. Moreover, there are 

many different APIs available in multiple programming 

languages: Java, Scala, Python, R. For this research, 

programming language Python was chosen due to its 

broad usability. In order to deal with the presented large-

scale data, a processing approach is proposed to extract 

the final storage data from the raw market data by 

applying carefully chosen transformations. After that, the 

prepared data can be accessed with the prepared APIs that 

allow the effective process of the financial data.  The 

architecture of the data processing pipeline employed in 

this research is depicted in Fig. 8. 
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Figure 8.  The architecture of the processing pipeline. 

V. CONCLUSION 

The presented methodology allows us to process 

efficiently immense amounts of data in order to extract 

insights from the limit order book data by incorporating 

advanced machine learning concepts.  
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