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RESUME

Le trading a haute fréquence (HFT, pour “High Frequency Trading”) est un type de trad-
ing basé sur des infrastructures a haut débit. Les machines de trading génerent d’énormes
quantités de messages de trading difficiles a explorer pour les chercheurs financiers et les
traders. Les outils de visualisation des données financieres se concentrent généralement sur
la gestion de portefeuille et ’analyse des relations entre le risque et le rendement. Outre
la relation risque-rendement, il existe d’autres caractéristiques qui attirent les chercheurs
financiers comme la liquidité' et les événements de mouvements rapides des indicateurs de
marché. Les chercheurs HFT peuvent extraire ces caractéristiques des données HFT car
elles montrent tous les détails des mouvements du marché. Dans ce mémoire, nous pro-
posons une méthodologie de visualisation, que nous appelons HFTViz, congue pour aider
les chercheurs en données financieres a explorer ’ensemble de données HFT fournies sur le
marché d’échange NASDAQ. HFTViz fournit un tableau de bord complet visant a faciliter
I’exploration des données HFT. HFTViz propose un design a deux niveaux. Premiérement
une vue d’ensemble du marché a une date précise. Deuxiemement, apres avoir sélectionné
quelques actions a étudier en détail, la visualisation fournit également une vue détaillée des
messages de trading, des volumes de trading et des mesures de liquidité. Nous évaluonsla
méthodologie proposée en réalisant une études de cas regroupant cinq experts du domaine,
dans laquelle nous illustrons 1'utilisabilité de HFTViz.

Dans les affaires, I'économie ou I'investissement, la liquidité du marché est une caractéristique du marché
par laquelle un individu ou une entreprise peut rapidement acheter ou vendre un actif sans provoquer de
changement radical dans le prix de I'actif. La liquidité implique le compromis entre le prix auquel un actif
peut étre vendu et la rapidité avec laquelle il peut étre vendu.



vi

ABSTRACT

High Frequency Trading (HFT), mainly based on high speed infrastructure, is one element
of the trading industry. However, trading machines generate enormous quantities of trad-
ing messages that are difficult to explore for financial researchers and traders. Visualization
tools of financial data usually focus on portfolio management and the analysis of the rela-
tionships between risk and return. Beside risk-return relationship, there are other features
that attract financial researchers like liquidity” and moments of flash crashes in the market.
HFT researchers can extract those features from HFT data since it has shown every detail
of the market movement. In this work, we present HFTViz, a visualization tool designed to
help financial researchers explorethe HFT dataset provided onNASDAQexchange. HFTViz
providesacomprehensive dashboard aimed to facilitate HFT data exploration. HFTViz con-
tains two sections. It first proposes an overview of the market on a specific date in order to
enable user for selecting different stocks. After selecting some stocks to investigate in detail,
HFTViz also provides a detailed view of the trading messages, the trading volumes and the
liquidity measures. Also, in the details panel, HFTViz provides synchronous hovering and
zooming for controlling the level of details for all stocks simultaneously. In order to evalu-
ate our work, we did two case studies gathering five domain experts and we illustrate the
usefulness of HFTViz, which eases their analysis process [1].

In business, economics or investment, market liquidity is a market’s feature whereby an individual or
firm can quickly purchase or sell an asset without causing a drastic change in the asset’s price. Liquidity
involves the trade-off between the price at which an asset can be sold, and how quickly it can be sold.
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CHAPTER 1 INTRODUCTION

1.1  Context and Motivation

Early in trading, exchanges were a place for traders to meet and trade their products. Also,
this concept is the same in floor-based trading. In floor-based trading, market participants
meet each other and trade their securities and assets. In the past twenty years, with the
growth of internet and computing power, trading experience significantly changed. Nowadays,
tradingis automated and has differentlevels of speed for traders. By automating trading, we
havetwoemerging areas thatleverage speed and automation for trading such as algorithmic
trading (AT) and high-frequency trading (HFT) [3].

Algorithmic trading changes the way that investors trade in the market. It generates orders
for trading automatically. Many companies used to leverage its power on sell side’ for years.
However, new market access model enables buy side? of the market to use algorithms for
trading decision making. They can design their own algorithms or use standard software
solutions from independent software vendors (ISV). Beside that, the sell side companies still
use the majority of algorithms for their clients. Using algorithms and automation reduce
trading costs for investors. Because of that, AT became popular in recent years [3].

High frequency trading (HFT) has gained lots of attention in the past fifteen years. Most of
the attentions is because of the flash crash in the U.S market on May 6, 2010. Basically, AT
focuses on automating execution of the clients orders but HFT relates to the implementation
of special strategies by advance market participants in technology. With this explanation,
HFT can be considered as a subgroup of AT. However, both AT and HFT help participants
touse technology capacity for speeding up different trading aspects like reception of market
data, financial analysis, order submission and reception of execution confirmations [3]. Beside
that, High Frequency Trading (HFT) has become one of the most profitable ways for trading.
For example, the BYX exchange reduced its order processing time sevenfold, from 445 us
in 2009 to 64 us in 2018. Likewise, the round-trip communication time between Nasdaq
and the Chicago Mercantile Exchange (CME) has nearly halved, from over 14.5 ms in 2010
to 7.9 ms today [4]. We can name different usages for HFT data like trading, financial
marketregulation and research on different eventsin the market. Traders want toimplement

different strategies to gain more from the market. The result of this purpose can then be

'Tn this side of the market, companies are trying to create, promote and sell traded securities to public.
2Also, in this side of the market, participants are trying to invest large amount of money in different
securities for fund management.



used to influence the improvement of their strategies and algorithms. HFT data is useful to
regulate the financial markets since it contains all details of the market in fine time scales.
The regulators can investigate market data and detect financial frauds. Also, academic
researchers can investigate current market micro-structure and propose novel models for

analysing financial market.

Besidebeneficial usage of the HFT data, there are some challenges for users that are working
with the data. Loading large data, cleaning and extracting different metrics from them can
be overwhelming for the users. Also, there are different users that want to observe stocks
liquidity to make decision about their trading strategy or research hypothesis. Asaresearch
team, we are interested in understanding the practices, challenges and needs of HFT users
in order to design a tool to facilitate their tasks using HFT data. In order to fulfill this
goal, we conducted different interviews with two domain experts. As a result, we divide
our target users into two groups. One is the financial researchers that work in academia.
The second group is financial analysts who work with HFT data in order to make optimal
financial decisions to reduce risk and increase return. Using this knowledge, we designed
HFTViz. To evaluate our work, we conducted two case studies to understand if our design
choices are fulfilling the users needs.

1.2 Research Objectives

HFTViz provides a visual interface to HFT data. It enables users to investigate several
levels of time aggregation, i.e. from hours tomilliseconds. Altogether, research objectives of
HFTViz are:

1. An HFT data visualization design enabling the exploration and understanding of finan-
cial information like price changes, liquidity measures and number of quoting messages

in different timescales from milliseconds to hours;
2. HFTViz, a prototype for HFT data exploration;

3. A case study of HFTViz gathering five experts in financial data analysis.

To accomplish previously mentioned objectives, we conducted multiple interviews to identify
users needs. Then, we started designing the visualization. After finalizing the design, we
evaluateitby organizing two case studies with five domain experts. Atthe end, we proposed
a visual design that enables users to investigate HFT data in details.



1.3 Thesis Outline

In the following chapter of this thesis, we present a literature review of previous studies on
user-centered design, financial data visualization and time series visualization. After litera-
turereview, inchapter 3 (based on the paper wehave submitted toInformation Visualization
Journal) we discuss design methods that we used for HFTViz and evaluation results. Chap-
ter 4 present a discussion around the lessons that we learned during the process and future
improvements that we can provide. Finally, chapter 5 provides a summary from our work

and concludes the main points of this research.



CHAPTER 2 LITERATURE REVIEW

In this chapter, we review the related works to HFTViz. In the first section, we present
User-Centered Design (UCD). After that, we review the related works in financial market
visualization. Finally, we finish this chapter by mentioning related works in time series

visualization.

2.1 User-Centered Design

User-centered design (UCD) is a phrase that describes a methodology for helping designers
to create better tools to answer the users needs. This method can be used in different
industries and products. This process concentrates on potential users to involve them in
the design steps. This user involvement can be varied from an occasional user advice to
intensive participation in product design. The UCD concept introduced by Donald Norman
from his research laboratory at the University of California at San Diego (UCSD) and was
advanced in his book "The Design of Everyday Things" [5]. In [5], the authors introduced
two main points that UCD is concentrating on. The first one is identifying a right problem.
For solving that problem, the second point is appeared. The second point focuses on a way
of solving identified problem which has to meet the human needs and potentials. He also
adds to UCD concept in his book " The Psychology Of Everyday Things (POET)" [6]. In
POET, he suggests four main points to add more usability into the UCD design which we
briefly mention below [6].

1. At each step, make it easy to find all possible actions

2. Produce a design that conceptual model of the system, alternative actions and the
results of actions are visible.

3. Facilitate system states evaluation

4. Createareasonable mapping between intentions and needed actions; between actions
and their results; and between the information that is visible and interpretation of the

system state. [6, 7]

UCD process could be explained as a four steps iterative process starting from observing
users, generating idea, prototype and test. After testing the design, designers find the designs



Observe
Generate ideas
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Figure 2.1 UCD process steps [2]

problem and by observing users, they can refine the problems with generating ideas and
producing another prototype. (Figure 2.1) [5].

In addition to Norman’s works, other researchers described more key features for user centered
design. Gould and Lewis [8] work suggested three points that are vital for UCD process which

we mention them below.

1. At first step, designers have to understand the potential users. This understanding
consists of two major part. One is directly understanding user’s behavioural. The
other one is studying the nature of the work expected to be accomplished.

2. In development process, target users should work with the prototype to achieve the
real work. Also, their interactions and performance should be observed, recorded and

analyzed.

3. When user testing problems are found, designers have to fix them. For fixing them,
there should be an iterative design process that contains design, test and analyze and
redesign [8].

In [9] the authors use a large number of software projects in order to examine UCD theo-
ries and analyze them on the projects. The result of their work gathered in 12 principles
which capture factors such as user focus, active user involvement, simple design representa-

tion, prototyping, evaluate use in context, explicit and conscious design activities, process



customization and a user-centricattitude by the team development [9]. Since proposed prin-
ciples are abstract in nature, the authors also provide an activity list for aforementioned
principles to specify the main techniques that help designers to apply principles in their real
world project [9]. In addition to the mentioned principles, forming the idea is the starting
point for UCD process. Because of that, researchers have created some design guidelines
to organize the process and facilitate idea generation. Shneiderman eight golden rules [10]
canbe mentioned as one of the most influential guidelines for the design of human-machine
interaction. Shneiderman [10] proposed the eight golden rules of interface design based on
the concept of direct manipulation, which leverages physical symbols in user interactions [11].

We briefly discuss these rules below [12].

1. Strive for consistency, that emphasizes on different aspects of design like layouts,
colors, terminologies and sequence of actions should be consistent through the design
and prototype. If the system has some exceptions, those should be limited and com-
prehensible for the end-users.

2. Seek universal usability, which points out importance of knowing different users
types (based on the attributes of users like age, disabilities, etc.) and make flexible
designs.

3. Offer informative feedback, which mentions that the product present appropriate
feedback based on user actions; for example the system should give modest feedback

to frequent actions and special feedback to infrequent and major actions.

4. Design dialogues to yield closure, which identifies that sequence of actions between
user and product should be formed as a dialogue that consists of a beginning, middle,
and end.

5. Prevent errors, mentions that the designed system should have a troubleshooting
process which means end-users cannot make serious mistakes. The product should be
designed in a way that if a user makes a mistake and the error was raised, an easy and

meaningful process helps the user to solve the error.

6. Permit easy reversal of actions, asserts that a design should provide easy processes
to reverse different actions that were made by the users.

7. Keep users in control, which indicates that in the process of working with the
designed product, surprises and annoyances should be minimized. Also, the product

should enable users to perform their desired tasks easily.



8. Reduce short-term memory load, which specifies that designers should create in-
terfaces that avoid users memorize information from one step to the other [12].

In this project, we follow a UCD approach in the design of the information tool for creating
HFTViz. In particular, we used an interview method to research users and understand their
needs [12].

2.2 Financial Visualization

Previous works related to financial data visualization methods can be organized in two major
categories (1) fraud detection in financial market (2) trading and investments. In this section
we present related works in each aforementioned category. After thatin the next section, we
focus on the time series visualization section in order to find the limitations that HFTViz

can solve.

2.2.1 Fraud Detection in Financial Market

Detecting specific eventsis very important task in different areas. As an example, detecting
flash crashes in the stock market can be beneficial for algorithmic traders to gain lots of
money. Another example could be in healthcare area. Detecting a rare disease could be vital
for patients. Also, finding a fraud in the financial transaction guarantees the security of the

financial network and users can consume different financial services safely.

Analyzing time series data allows the identification of insights such as frequency, trends, and
changes. Moreover, finding outliers can be beneficial to identify rare situations in data. In
this section we focus on related works in financial frauds detection (FFD). Each day, there
are millions of transaction in financial network around the world. Most of the transactions
are legitimate but there is a small number of criminal attempts in them which may create
dangeroussituation for customers or financial institutions. Because of that, each transaction
should be assessed by financial institutes but since transactions formed a multidimensional
time series data, it’s a difficult task to detect FFDs [13].

Some researchers gather surveys in fraud detection. In [14], Bolton and Hand did a review
about FFD categories. They categorized the available tools for statistical fraud detection
based on their technologies in four areas: credit card fraud, money laundering, telecommu-
nication fraud, and computer intrusion. In [15], Kou et al. gathered different techniques
for identifying the same types of fraud as described in [14] as a survey. We can classify the

different approaches into two categories: misuse and anomaly detection [13]. Both categories



show outlier detection, neural networks, expert systems, model-based reasoning, data mining,
state transition analysis, and information visualization as techniques to identify FFDs. We
use aforementioned surveys in order to understand diverse fraud domains and how they are
normally tackled. Weidentified FinanceVis proposed in [16] as a survey of visual techniques
for financial data. Thisweb-based toolincludes papersrelated tofinancial data visualization.
Also, this tool enables us to analyze similarity of fraud transaction with the normal one. Ko
etal. [17] presented a survey of ways to exploring financial data based on a motivation from
lack of data. In this work, they gathered financial experts and conducted an interview in
order to find their concerns about FFDs in financial data. In [18], Kirkland et al. presented
one of the first works using visual techniques to support FFDs. In their work they connected
Al topics like pattern recognition and data mining to information visualization in order to
support analysis, fraud detection, and knowledge discovery [13].

In[19], authors present WireVis which its main idea is enabling users to investigate through
large amount of transaction data using multiple coordinated views. For helping fraude de-
tection, they use similarities between accounts an a factor for fraud detection through time.
One of the limitation of the WireVis in [19] is that the tool can not analyze single account
to find its possible frauds. Instead, the tool has to leverage clustering in order to find suspi-
cious accounts. In [13], authors use the similar approach with clustering. The difference of
EVA with WireVisis that EVA provides more flexible analysis through accounts rather than
focusing on analysis of keyword patterns in the transactions. Another approach that canbe
used for fraud detection is data flow that is presented by [20]. In this approach, for creating
better understanding of events and making transaction decision, data are gathered for users
to enable them draw analytical conclusions. By presenting EventFlow [21], authors aimed
to design a tool for facilitating analysis, queries on data and data transaction of time series
datasets. This work aims tracking entities and event related to them by creating aggregated
data representation. Huang et al. [22] presented a general approach for event monitoring with
a visual analysis framework for stock market security. One of the problems of FDDs can be
number of false alarms that are produced by the systems like AI algorithms. For reducing
number of false alarms, Huang et al. [22] present their visual approach with combining 3D
tree map for market performance analysis and a node-link diagram for network analysis.
In [23], authors gathered current limitations and needs in FFD. They proposed a framework
in order to predict time and type of actions for the investigators to apply using visual analy-
sis techniques. They investigate through different visual techniques and gathered ones that
support different cognitive processes. Beside that, the authors proposed future challenges
in FFD area and made a discussion around efficiency of data visualization for FFD. Also in

the health domain there are use cases for anomaly detection. In [24], Rind et al. presented



a study concentrating on data visualization system that are used for investigating health
records. Moreover, in [25], Wagner et al. proposed a systematic overview and categorization
for virus defected systems using visual analysis. Both health and software areas have some
similar studies that are related to FFD. The reason is of similarity is type of data that they

use. Both of them are using multivariate and temporal data [13].

2.2.2 Trading and Investment

By introducing Capital Asset Pricing Model (CAPM) in the 1960s, quantitative investment
began [26]. Since then different theories have been presented to interpret stock returns
relationship with different macro and company-specific risk factors using mathematical mod-
elling. Nowadays, because of the technology investors can create different strategies based
on risk factors and test multiple portfolios to see the results. According to the IPE report in
2019[27], the value of assets under management in top 400 ranked by worldwide companies,
reached 66.4 trillion. One of the popular methods for quantitative investment is using risk
factors which leverages mathematical techniques to build portfolios. Usually, the steps for
creating a portfolio start from searching for potential companies to invest using different
methods like searching online through companies balance sheet, making on-site visits and
interacting with companies leader. However in quantitative investment gathering data plays
a key role in decision making. Investors do that by gathering historical data from compa-
nies that are publicly available like book-to-price ratio. After gathering data, they apply
their quantitative model in order to find significant risk factors that can affect companies
returns more that others. In quantitative investing, risk factor models help investors to
understand the relationship between a stock and the whole market [28], by running mul-
tivariate regression; including different risk factors like price-to-earnings and price-to-book.
After themultivariateregression, risk factorsreturns should be independent from each other
in order to construct diversified portfolio for investors. From different models in quantitative
portfolio investing, Barra Risk Model is one of the most widely-adopted model. The model
was created by Bar Rosenberg, the founder of Barra Inc., with collaborating with Grinold
and Kahn [29]. Barra model has been updated many times by MSCI', who acquired Barra
Inc, in order to adapt with different stocks market. The reason for its popularity in finance
world is because of the combination of traditional factors with the new ones in creating the
model [30]. As an example, in the Barra model for U.S market, we have two categories of
factors that each of them has 13 risk factors related to style of the market and industries that
are in the market [31]. This factor number is more than other famous models like CAPM

'MSCI. https:/ /www.msci.com.
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and Fama-French [32]. Because of the large number of factors, Barra model can be better

predictor for stocks return [33].

Based on the progress of computational power and novel visualization systems, Portfolio data
visualization hasbeena popular topicin the past two decades. Earlier research work focused
on portfolio returns visualization since it has a key role for measuring the performance of a
portfolio. In[34], Matthias et al. presented a visualization based on line chart. They divided
the background of the line chart and colored it in order to encode the return values. To
compare the return and volatility of stocks in real time, Ziegler et al. [35] used a visualization
based on heatmap for using the space of the screen efficiently. Both [34] and [35] tried to take
advantage of background for encoding extra information. Beside those aforementioned works
there are many previous works werebased onheatmap [36], [37], [38]. Those worksleverage
heatmap power for space utilization to encode more information regarding the returns in
different time periods. One way to observe the markets returns is using clustering techniques.
As an example, Lei et al. [39] clustered all stocks and grouped them by their returns. After
grouping, they presentgroupsin co-centered, sequentialrings. In[40], Xiongetal. visualized
returns that play a key role for constructing mutual funds? portfolio. Beside mentioned works
on portfolio returns visualization, we can add some works that focused on helping non-expert
users in portfolio selection. For example, systems like FinVis [41] or PortfolioCompare [42]
were created to help general users to pick portfolio that has better performance based on
expected returns. For displaying stock holdings like different exchanges together, Jungmeister
et al. [43] and Csallner et al. [44] both used treemaps to accomplish this task and made
improvementsinuser interactions. [45], [46], [47], Dwyer etal. presented a visualization that
they called "2.5 Dimensional". This visualization leveraged clustering in order to group funds
by their stock holdings [33].

2.3 Time Series Visualization

When we gather variables over time, we create a time series. Formally, we can define time
series (X) as: X = x1, X2, ..., X, Where n is the number of observed time steps and x; =

X, X'5...,X" = R" is the observed values for m variables at time t (from 1 to n). If we have
one variable in our analysis, we can call our time series a univariate (m =1). Otherwise, if
we have multiple variable in our data, we can call it multivariate time series(m > 1) [48].

After organizations felt the need of having a monitoring system in order to detect abnormal-

?A mutual fund is an open-end professionally managed investment fund that pools money from many
investors to purchase securities. Mutual funds are "the largest proportion of equity of U.S. corporations."
Mutual fund investors may be retail or institutional in nature.



11

ities over time, multivariate time series became popular. Because of that, there are many
research donein thisarea. Some of the well-known applications are cybersecurity [49], fraud
detection [50] and environmental issues [51]. Large internet companies or high-performance
computing centers can be two major sources for generating large multivariate time series
since they have lots of users that work with their services. In these companies, it’s vital to
monitor server’s metrics such as CPU utilization, memory utilization, and power usage over
time for detecting abnormal behaviours. After unusual event identification, companies can
make decisions in order to improve security and performance of the services. The cluster
trace datasets from Google [52] and Alibaba [53] can be examples of having such monitoring
systems [48].

In our work, HFT dataset is multivariate time series. It contains different variables such
as ask/bid/cancel/modify price and volume of trade. Basically, line graphs and heatmap
are common approach to visualize a time series data [51]. On one hand, line graphs can
present movements of a variable well but it creates visual clutter if we have alarge number of
variables. Onthe other hand, heatmap technique solves visual clutter problem and utilize the
space for showing more graphs. Alsoituses different color encoding suchas color saturation
and shades in order to visualize change in time series value. The limitation of heatmap
can be requiring large displays to show all the details of multivariate time series at once.
Beside heatmap, we can use animations for visualizing changes through time and avoid using
large screens to show every detail. The limitation of animation is that it forces the users
to memorize the details in a specific timestamp in order to use it in a future analysis or
replay the animation to see that event again. Those aforementioned limitations reduce the

performance for exploration and analysis of data. [54] [48].

Beside current approach to solve visual clutter problem, we can use visual elements in small
multiples [55]. Those multiples show snapshots of data for a few time sequences. Two often
solutions for multivariate data are radar chart [56] and parallel coordinates [57]. Radar chart
projects multidimensional data into two-dimensional circular space. In this chart, we draw
equiangular axes in order to show variables. After that, the distance from center on axes
reflects the value of the variable [58]. After applying values of each item on the axes, we
use a polygon to connect the points for that item. So we have one polygon for each item
on the graph that shows its variables values. Using this polygon, each item has a shape
in the visualization. Like Radar chart, the parallel coordinates [59] is another approach
for presenting multivariate data. In this method, we project N-dimensional data into 2-
dimensional sets. Each data item represented by a line or hyperplanes. This representation
allows us to visualize multidimensional relation [48].
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Another popular category of time series is financial data. Financial data categories arenotall
about stock market. They can be insurance or banking data. In [60], Lei et al. presented an
approach forvisualizing financial time series data that they called "visual signatures". More-
over,in[61], Sorenson etal. presented atime series visualization which helpsusersto analyze
price fluctuation. Their visual design combines glyph-based events with line chart in order
to fulfill their task. Besides that, there are some surveys that gathered different visualization

techniques for time series datalike FinanceVis.net [16] and towards visual analysis [17] [33].

Overall, different visualization approaches were presented by researchers. However, there
are some limitations to aforementioned works. One of them is that they are working with
financial time series data that has low frequency from years to days. But in our work, we
have large multivariate time series data that has frequency from days to microseconds. In

the next chapter, we present our tool, HFTViz, for HFT data visualization.
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CHAPTER 3 ARTICLE 1: HFTVIZ: VISUALIZATION FOR THE
EXPLORATION OF HIGH FREQUENCY TRADING DATA

(This chapter is based on the paper we have submitted to Information Visualization Journal.
The authors of the paper are Javad YaAli, Thomas Hurtut and Vincent Gregoire. This paper
is submitted on October 13th 2021.)

High Frequency Trading (HFT), mainly based on high speed infrastructure, is a significant
element of the trading industry. However, trading machines generate enormous quantities of
trading messages that are difficult to explore for financial researchers and traders. Visual-
ization tools of financial data usually focus on portfolio management and the analysis of the
relationships between risk and return. Beside risk-return relationship, there are other aspects
that attract financial researchers like liquidity and moments of flash crashes in the market.
HEFT researchers can extract these aspects from HFT data since it shows every detail of the
market movement. In this paper, we present HFTViz, a visualization tool designed to help
financial researchersexplore the HFT dataset provided by NASDAQexchange. HFTViz pro-
videsacomprehensive dashboard aimed atfacilitate HFT dataexploration. HFTViz contains
two sections. It first proposes an overview of the market on a specific date. After selecting
desired stocks from overview visualization to investigate in detail, HFTViz also provides a
detailed view of the trading messages, the trading volumes and the liquidity measures. Ina
case study gathering five domain experts, we illustrate the usefulness of HFTViz.

3.1 Introduction

With the development of high speed electronic chips, High Frequency Trading (HFT) has
become one of themost profitable waysfor trading. Financial marketshavebeentransformed
by faster speedsinrecent years. Forexample, the BY X exchange reduced its order processing
time sevenfold, from 445 1sin 2009 to 64 1sin 2018. Likewise, the round-trip communication
time between Nasdaq and the Chicago Mercantile Exchange (CME) hasnearly halved, from
over 14.5 ms in 2010 to 7.9 ms today [4]. HFT data can be used by traders, financial market
regulators and academic researchers. Traders want to detect different events like abrupt
changes in stock prices to see their algorithm’s performance. The result of this exploration
canthenbe used toinfluence theimprovement of their strategies and algorithms. Regulators
are another possible user of HFT data. This type of user wants HFT data to investigate
the market movements and detect financial frauds. Likewise, academic researchers tackle

questions about market micro structure and algorithmic trading effects on the market, using
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HFT data. In this design study paper, we introduce a visual analytic system that helps users

from these different categories to investigate events in HFT data.

HFTViz provides a visual interface to HFT data. It enables users to investigate several levels
of time aggregation, i.e. from hours to milliseconds. Altogether, contributions of HFTViz

are:

+ An HFT data visualization design enabling the exploration and understanding of finan-
cial information like price changes, liquidity' measures and number of quoting messages
in different timescales from milliseconds to hours;

+ HFTViz, a prototype for HFT data exploration;

+ A case study of HFTViz gathering five experts in financial data analysis.

3.2 Related Works

Previous work related to high frequency trading data visualization can be organized into
two categories: financial data visualization and time series visualization. In the financial
data visualization, we concentrate on approachesrelated to financial markets. After that, we
present the time series visualization section to discuss works leveraging time series visualiza-

tion techniques in different domains.

3.2.1 Financial Data Visualization

Previous works related to financial data visualization methods can be organized in two groups:
high frequency data and low frequency data. Low frequency data has a range from years to
days. In the contrary, high frequency data has a time range from days to milliseconds.

Previous works related to financial data visualization methods can be organized in two groups:
high frequency data and low frequency data. Low frequency data has a range from years to

days. In the contrary, high frequency data has a time range from days to milliseconds.

One of the significant aspects of HFT data is its dimension. As an example, there are around
3,000 companies in NASDAQ exchange, with the following temporal data: price, volume
of trade, trade type (buy and sell) and message type (cancel, add and modify). Hence,
HFT datasets are multivariate high dimensional. For handling high dimensionality, previous

'Tn business, economics or investment, market liquidity is a market’s feature whereby an individual or
firm can quickly purchase or sell an asset without causing a drastic change in the asset’s price. Liquidity
involves the trade-off between the price at which an asset can be sold, and how quickly it can be sold.
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research uses dense fields of color to encode information. As an example, pixel oriented
visualization techniquein [62] representlarge datasetsby mappingindividual data valuesto
pixels. This technique is not useful in our case since we have 500 companies in S&P500” to

show and millions of messages in milliseconds scale.

Several previous research target the visualization of multidimensional financial data. In[1],
the authors use geographical location of companies headquarter office, sector, financial perfor-
mance (e.g., cash flow, personnel expenses) to create a visualization. Their goalis to provide
firm-to-firm transaction network for financial analysts. FinaVistory platform visualizes nar-
ratives that are generated by computer analysis to address all economical concerns related
to the news [63]. The approach iConViz proposes a platform to help financial regulatory
authorities and banks manage the risk associated with corporation loans [64]. For detecting
frauds, Leite et al. propose EVA, a Visual Analytics approach for supporting fraud investi-
gation, fine-tuning fraud detection algorithms, and thus, reducing false positive alarms[13].
Closer to trading activities, Trad AO assists users in exploring the whole optimization pro-
cess of a trading algorithm and evaluating its detailed performances [65]. Besides financial
analysis, trading and fraud detection, there are emerging visualizations for cryptocurrencies.
For example, BitVis enables users to analyze the behavior of their bitcoin accounts [66].

Besides finance, there are other areas that have high dimensional data. For example, in
Genomics there are similar characteristics and challenges for handling dimension of genomes
data. In [67], authors leverage summarizing approach to create an overview visualization
for showing the broad view of Genomics dataset and its alignments trends. They conclude
that large-scale visualizations should leverage simplicity and only provide details and excess

dimensionality on demand.

3.2.2 Time Series Visualization

Timeseriesvisualizationstarted withline chartsthatwereused by Lambertand by Playfairin
the 18th century [68]. Along the years, different visual designs were proposed by researchers
in order to facilitate extracting insights from time series (see [69, 70] for an overview of
time oriented visualizations). We can categorize the purpose of these visual techniques, for
example some focused on seasonal effects in time series data [71,72], others aggregate different
time series through clustering in order to place similar data together [73]. Another category
concentrates on proposing a way to explore and compare a set of time series [74, 75]. One
aspectof time series that grabs researcher’s attention is the scalability of their visualizations.

Stock market index that measures the stock performance of 500 large companies listed on stock exchanges
in the United States.
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One of the oldest visualization approaches for scalability is to connect each time point with
line and visualize line charts in small multiples [68] or sparklines [76]. Recent approaches
are focused to propose different representations for line chart itself. For example, In [77],
authors propose two-tone pseudo coloring visualization in order to represent line charts in
one dimension. Also, in [78] authors propose horizon graphs that have different vertical
levels that are color encoded and split the vertical range of values in a line chart into a
few vertical bands, that are then overlapped. Those aforementioned representations of line
chart can save vertical space while it saves all the details of the line chart. In other works,
scalability is addressed using color-based representations, referred to as heatmap or color
fields. In heatmap, color saturation or brightness encode the range of values over time
instead of using position. This approach is seen in many systems [77, 79-81] and answers
well to scalability by stacking multiple such sequences of small height [82, 83]. In [84], for
representing multiple time series, the aforementioned visual design split the space vertically
and try to encode each time series per heatmap. Instead, the same space can be served to
represent multiple visualizations [84]. Another representation of multiple line charts canbe
created by overlapping the layers of area charts with different colors (e.g. stacked [85] or
braided [84]). One of the problem in scalability with the majority of those space sharing
techniques is visual clutter because of the large number of time series to represent. [86].

Despite current progresses in financial data and time series visualization, there are still two
major limitations. One is the frequency of the data thatis used in aforementioned visualiza-
tions. The other is details of price quoting in the market. In HFT data, we have different
aspect of quoting like Bid, Ask, Cancel messages that help us track market movement in
details. In conclusion, despite the fact that there are many methods for visualizing finan-
cial data, they do not adapt well to HFT data characteristics. The goal of this paper is to

introduce a visualization that helps a financial researcher investigate HFT datasets easily.

3.3 Data and User Questions

In this section we introduce the data we use in more details, and the questions our typical
target user has when analyzing such data. The dataset for this visualization is NASDAQ-
ITCH data®. The structure of each message in the dataset has different features like ID,
timestamp, type of the message (Bid / Ask / Cancel / Modity), volume of shares and price.
TheID is the unique field for each message toidentify the message in the stream. Timestamp
is the point of time during the trading date. Type of message identifies whether our message

is to buy a stock (Ask), sell the stock (Bid), cancel the previous order or modify the previous

SNASDAQ-ITCH


http://www.nasdaqtrader.com/trader.aspx?id=itch
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order’s volume or price. Volume and price are amount and fee of the shares that traders
want to trade in NASDAQ respectively.

Analysis of HFT dataset is challenging because of the amount of messages that are sent from
NASDAQ server. According to [87] a typical file containing a single trading day consists
of something like 30-50 millions of messages (BX-exchange) up to 230 millions of messages
(NASDAQ), thus speed makes a crucial difference. The data contains the messages that
NASDAQ server sends to the subscribed trading machines.

Beside understanding HFT data, in order to characterize the design constraints, we have to
identify the target user questions which are necessary for the user to reach their higherlevel
goals. To that end, we gathered the questions by conducting five informal interviews with
three experts in Financial Engineering who use the dataset as part of their research process.
Firstly, we asked them to describe the usage of the dataset in the daily workflow of a financial
expert. After that, we extract the user questions from their description and conduct another
interview with them to fine-tune the details of each question. We did that process five times.
In addition to interviews, we asked them to participate in our evaluation process and let us

know their opinions.

We have identified five principle questions (Table 3.1) that financial researchers need to
answer in order to achieve scientific intuition in the process of analyzing the data. We have
formed them according to their priority for our interviewers. Questions Q1 and Q2 endeavors
to find out the messages price and volume patterns in the data respectively. The price of the
stockin time tis mean of bid and ask price on that time [88]. Questions Q3 and Q4 investigate
the differentaspects of theliquidity feature whichis calculated from message type, price and
volume. Based on US Securities and Exchange Commission*, stock’s liquidity generally refers
to how rapidly shares of a stock can be bought or sold without substantially impacting the
stock price. Stocks with low liquidity may be difficult to sell and may cause you to take a
bigger loss if you cannot sell the shares when you want to. Finally, Q5 tries to discover the

daily dynamic of the stock correlation with the US market.

3.4 Proposed Design

Our goal in the design of HFTViz is to create a tool for financial researchers that enables
them to easily investigate the data. The challenges with HFT datasets are: (1) there is
lots of data point to show and investigate (2) there are different methods and mathematical

metrics to consider. For handling this, we divide the effects of the data into two groups.

www.investor.gov


https://www.investor.gov/introduction-investing/investing-basics/glossary/liquidity-or-marketability#%3A%7E%3Atext%3DA%20stock%27s%20liquidity%20generally%20refers%2Cshares%20when%20you%20want%20to
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Table 3.1 Questions for analysis of NASDAQ dataset with the feature addressed by each.
The features are Price, Volume, Liquidity and Correlation.

Question Feature

Price | Volume | Liquidity | Correlation
v v/ - -

How does a single stock messages (bid / ask), price and volume pattern
change around news ?
What is a daily market price dynamic? v - - -
What is a stock liquidity changing pattern ? - - v -
What liquidity measures best capture the dynamics
of the limit order book?
How do stock and market movements change in different time scales? | - - - v/

Q1| = | W =

One is large-scale effects and the other one is detail-scale effects. For handling large-scale
effects, we propose an overview visualization to answer to our user needs (Q2). Inaddition,
for answering detail-scale user needs (Q1, Q3, Q4, Q5) we design a dashboard that covers
different aspect of the detailed user needs.

3.4.1 Overview Visualization

Our goal in designing overview visualization is to answer the large-scale effect of our user
questions. This section starts with an introduction to overview visualization. Then, following
subsections describe details about different aspects of the overview visualization. Firstly,
we have to consider that users should be able to view data patterns in different displays.
As discussed in the time series visualization section, one of the potential designs can be
color field design [67]. This design makes the patterns in the data to pop out more in the
visualization [67]. Since thenumber of messagesineach dayislarge, weneed an aggregation
method to summarize the data points and visualize it in the screen. Other aspects of design
include a tool for arranging the companies for effective comparison and also interaction
techniques to help exploration (see Fig. 3.1). In the following subsections, Perception and
Visual Search, we will describe details of the overview visualization.

Perception

Visualizing 300 millions of messages can be complex. Since human visual system can be
overwhelmed by many information, our design mustrely onthe conceptsthatshow patterns
easily to the users and support search for details [89].

One of the visual concepts that we can use in our design is preattentive visual processing.
This aspect of the human visual perception allows user to rapidly find patterns in a visually

cluttered environments. Leveraging this processing, we can implement some features in
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Figure 3.1 HFTViz overview and details panels.
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HFTViz that simplify visual search by making some patterns visually pop out. Since HFTViz

knows the users needs, so it can use preattentive processing to highlight patterns. Also,

in [90] authors mention that preattentive features can be processed in parallel so using this

concept in our design, we can reduce visual search task’s cognitive load. For applying the

impact of preattentive processing, we use color scheme. To avoid false attention, we use

semantically informed color choices. We chose different shades of green and red for positive

and negative price movements respectively (Fig. 3.2). This color encoding enables us to

leverage preattentive processing to find patterns in price movements.
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Figure 3.2 Price change visualization.

Visual Search

Incase ofnotfinding the patterns using preattentive processing, visual search canbe helpful.
In this process, users scan the scene with their attention to search for patterns. Visual search
can be time-consuming for the usersif they don’t have perceptual aid [91]. Due to our visual
system limitations we can not recognize everything at once even when the pattern is shown
in the current scene [92]. Since we have atleast 500 companies in the overview section, visual

search plays a key role in the overview visualization.

In [93] authors mentioned that the direction of searching a display is the same as reading
order. Inour design weimplement twotools for making flexible visual search. Oneisasearch
bar that aids user to search a company by name. The other one is sorting method. User
can sort the companies with their market capitalization or trading volume. In addition, for

helping users to have better visual search, we provide a padding space between each company
block.

Aggregation

In large datasets, we usually have sequences that are larger that the horizontal screen size.
Because of that even if we can put all of the data in the screen, it creates visual clutter and
makes visualization hard to interpret. For handling this complexity, HFTViz implements
horizontal aggregation blocks in the visualization. Price changes are grouped into blocks
that can be shown in the screen (Fig.3.2B, Fig.3.3). Using blocks can be an approach for
down sampling the data and creates more control on the information flow in the block [67].
The blocks work like bin size in histograms. The number of blocks are defined by user.

The users can change the blocks. Since we visualize the price changes in the overview, to
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aggregate the blocks together, we need to sum them up and create bigger blocks.

Figure 3.3 Percentage of price change movement for two intervals.

3.4.2 Detailed Visualization

The design of HFTViz follows the Shneidermans’ mantra “Overview first, zoom and filter,
then details on demand" [94]. In the overview visualization, users select the stocks based on
their price movement. Besides selecting stocks using overview visualization panel, we add
SPY ETF (as a S&P500 market indicator) by default to the selected stocks in order to help
users compare stocks details with a market indicator. After selecting the stocks and adding
marketindicator, users canload the detailed visualization by clicking on View detailsbutton.
Detailed visualization panel consists of two main components: the limit order book (LOB)
view and the liquidity measures view. Since HFTViz provides various interactions, to show
various data granularity of data, on user demand, it is crucial to arrange the information
properly, so that users could perform analysis efficiently. According to the theory proposed
in[95], itismore efficient for users to compare views side-by-side, rather than commit visible
items to memory. For this reason, we attempt to use the screen space fully in our system
design, sothat we could display different data granularity (LOB movements and itsliquidity
measures) side-by-side (Fig. 3.4). This avoids that users are forced to rely on a mental map
to perform comparisons [33].

LOB view:

We provide LOB view for the users to discover different aspects of LOB efficiently. The

market changes every microsecond, which means different time periods may have different

5 An exchange-traded fund is a type of investment fund and exchange-traded product, i.e. they are traded
on stock exchanges. ETFs are similar in many ways to mutual funds, except that ETFs are bought and sold
throughout the day on stock exchanges while mutual funds are bought and sold based on their price at day’s
end.



22

Ak I/\IvalmurWiiL P S ENREA — :
wo FHE-EHEE BEE RIS S S .

ol FHESEHEE BRI LR B BRI

voume DVASRE HUBE VRN S4B SV A

Effective Spread

R ] ST SRS TNST Y T R e Price Impact
e VEE-REEAYHNE- BV SRR S AETEE e

cacel VEELEES SRR RS RS

Volume  ~VEN NI\ —LAVE I FINR SR SRS N

ax PR RS ST B L AV TR B S B
b LA B BRI A B LAY BB S8 B
ct PV N B BV AR ESE L AV BB 58 B
vorume BN NI B BANNVEL - BB E VL A SR B HER B

10 AM 11 AM 12PM 01PM 02PM 03PM N 10 AM 1AM 12PM 01 PM 02pM 03 pm

Figure 3.4 Detailed visualization panel.

patterns and insights, such as different bid price, ask price, cancel price and volume of the
traded shares (Q1). We also provide quoting message number as a parameter to show the
focus of the traders in the market.

There are two main parts in the LOB view, price movements and the message number.
Price movements define changing price through time for bid, ask and cancel messages. For
showing volume of the trade through time, we use the concept of price movements. In
addition, message number shows the number of quoting messages (sell, buy or cancel) in a
specific time period. For each selected stock, we divide its section into bid, ask and cancel.
Furthermore, we add volume section to visualize the traded volume of the stock.

The design of the price movements is built on a line chart to capture the changes in the price.
We use the x-axis to encode the timeline and the y-axis to encode the exact amount. The
amount for bid, ask and cancel section is their price but for the volume section, it represents

the traded stocks in that period.

Forthemessage number, weuse thebackground of each section (bid, ask, cancel and volume)
to represent the number of quoting messages. Quoting messages is calculated as the sum of
bid, ask and cancel messages and it shows concentration of stock trading. For designing the
message number visualization, we use heatmap for each section (i.e. bid, ask, cancel and
volume). In each section, the x-axis represents timeline and the color of each block of the
heatmap encodes the number of messages. Because of high number of messages in daily
HFT data, weuseaggregation technique as previously explained in Aggregation. Moreover,
we enable zooming interaction for users to investigate the details on demand (Fig. 3.5, Fig.
3.6). In this approach, we divide the detailed heatmap with all messages into a discrete

set of images, called 1-D tiles, details can be seen in these tiles by using the zoom function
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(Q5) [96]. The Zoom function is also applicable to all selected stocks and liquidity measures
simultaneously in order to help users to investigate different timescales efficiently. Another
interaction that helps users to investigate the data by using HFTViz is hovering. When
a user hovers on a block of heatmap that corresponds to a timestamp, HFTViz shows the
number of messages, bid/ask/cancel price and trading volume in all selected stocks at that
timestamp. In addition to stocks, hovering also enables users to see the value of the liquidity

measures in hovered timestamp.

We separate the LOB view into two main sections because we want to observe the patternin
number of messages and price movements together. An alternative design could be applying
multiple lines for each of the price and message number instead of using heatmap for the
message number. Nonetheless, there is a weakness to this alternative design. Having multiple
linestogether creates clutterin the visualization since we havefoursectionsforeachstockand
multiple stocks to choose. Because of that, we choose heatmap for encoding the information

regarding the message number.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 3.6 1-D map view format with zooming level.
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Liquidity Measures view:

Theliquidity measures view shows differentliquidity metrics for the selected stocksin addi-
tion to SPY ETF. Those metrics help users to observe the trade effects on the stock prices.
Furthermore, the liquidity measures visualization enables users to investigate different pat-

terns in the market to see which measure best captures the dynamics of the LOB (Q3,
Q4).

For visualizing the measures, we select top three liquidity metrics in importance to our po-
tential users. Based onour set of user questions, weneed to visualize theliquidity movements
while we show its trend. As we explained earlier in Overview Visualization, color fields allow
patterns and trends to pop out. As aresult, we choose area chart for visualizing the liquidity
measures. This design choice enablesusers toinvestigate quantity movementswhile they are
observing the trend of positive or negative liquidity. We encode positive liquidity in green

color and negative liquidity in red color in order to help users discover the trends.

Analternative design could be theline chart with green and red colorsencoding positive and
negative values respectively. However, there is a drawback for this alternative choice. The
line thickness in the visualization when we choose different stocks could be very small. Asa
result, users could notidentify trends efficiently. Our design choice uses colors to encode the

space below the line chart efficiently for popping out trending in liquidity measures.

3.4.3 Implementation

We implement a prototype of HFTViz using HTML, CSS and JavaScript. This prototype
uses D3.js for implementing all visual designs and the React.js framework for managing
interactions. A demo of this visualizationis publicly available at: HFTViz demo page. Please
note that the prototype is optimized for 1080p screens and the Google Chrome browser.
Because of the NASDAQ-ITCH data license, HFTViz demo is using synthetic data and it
performs all functionalities that we explained in previous sections.

3.5 Evaluation

We conducted a case study to evaluate the proposed HFTViz design. Weinvited five experts
for a one-hour online interview using a video-conference platform. The experts were enrolled
in the evaluation because of their interest in HFTViz and their compatibility with the scope
of the project. Inaddition, we followed an official written protocol describing the sequence of

questions and features to be presented. Furthermore, werecorded the interviews with each


https://hftviz.github.io/hftviz-react/
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expert and their interactions on-screen during the entire demo session for post-evaluation
transcription. Our goal was to understand whether the questions that drove HFTViz devel-
opment were answered; moreover, we wanted to assess the validity of our assumptions and

design choices.

Each interview started with a 10 minute presentation of HFTViz. During that presentation,
we onboarded the user and showed all possible interactions. After that, we gave them 15
minutes in order for exploration, asking questions related to working with the tool and iden-
tifying a potential goal that they would like to investigate. Then, we asked them to identify
the goal that they chose and share their specified screen for opening the visualization. Sub-
sequently, they start working with the tool. This step took 25 minutes for the users. During
that process, we record all the movements and selections on the screen. After investigation
step, we started a discussion with the user for gathering their opinion regarding the tool.
We asked them detailed questions about different sections in the visualization. Also, we
organized some open questions to collect ideas for improving HFTViz in the future.

After gathering all the interviews recordings, we organize them into two sections with respect
to the goals that users identified. The first section is "Investigating news effects on stock

market" and the second section is "Exploring the effect of other markets on stock market".

3.5.1 Investigating News Effects on Stock Market

In this case study, we have three users that are working in financial academia and industry.
They mainly had keen interest in observing the effect of different news in the market. The
first user, U1 wanted to observe the effect of Apple vs. Epic Game’s lawsuit. The rest of the
users, Uz and Us, needed to investigate the effect of Federal reserve’s announcement on the
interestratesand Merk’s earnings announcement onits ownstock respectively. All the users
were quite familiar with the HFT dataset and concepts but they have never seen the dataset
visualized. Also, they didn’t have a previous experience using HFTViz. In addition, two of
them participated in the process of identifying the user question but they didn’t involve in

the visual design process.

At first, the users started working with the search bar in order to find their desired stocks.
When they picked a stock, they see its position in the "Market Cap" sorted overview panel in
HFTViz. After selecting their first stock using search bar, they looked at the overview panel
to select related stocks in "Market Cap" or "Volume". They picked related stocks by clicking

on their sections in the panel Fig. 3.7.

Theusers then explored the details of the selected stocks by clicking on "View details" button.
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After the details panel was loaded, the users start to interact with LOB section of the first

selected stock at the top of the page and compare it with the market movements using

hovering interaction. After hovering, the number of messages that shows the flow of messages

in a particular time grabbed their attention to find the moments that their selected stocks

had some attention from traders in stock market Fig. 3.8. This view helped U. to identify
Apple’s stock movement. Beside HFTViz, Ui checked the Yahoo Finance in order to find the

time of the news regarding the lawsuit. Also, U: combined the liquidity movements around

news time with the number of messages in LOB to find the effect of the news on stocks price

Fig. 3.9. To see the details of price movements, they zoom in interested area that shown in

Fig. 3.8. Also, they mentioned that zooming feature helped a lot to see different details.
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Figure 3.8 Number of messages in LOB view of details panel.

Uz and Us. U: also started with Yahoo Finance to find the Merck & Co. announcement
date in 2020. After that, U: started using HFTViz in order to find the details of Merck’s
announcement on its stock price. Uz selected Merck and UnitedHealth Group Incorporated
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Figure 3.9 Liquidity changes around AAPL and Market SPY.

(UNH) stocks by searching in HFTViz search bar. Then, U: investigated the details by
clicking on the "View details" button. After loading the stocks, U2 found the high number of
messages by hovering and zooming on LOB section. Similar to Uz, Usstarted investigating on
the HFT with Yahoo Finance. After finding Federal Reserve’s announcement date and time,
Us used different sorting and selected Xcel Energy, Ameriprise Financial and DTE Energy
by clicking on the overview panel. In addition, Us selected IBM, Coca cola by searching in
the search bar. After finishing the selection part, Us loaded the details panel by clicking on
the "View details" button. In the details panel, Us hovered on 3PM time to see the effect
of the Fed’s announcement on SPY ETF that was added at the top of panel. Us zoomed in

that period and identified the movement of the market changed after that announcement.

At the end of the journey, they asserted to have better understood the effect of news on the
stock market. They found related stocks with searching in the search bar or by sorting with
different criteria. Also they mentioned that they could find the special periods in the market
by using number of messages heatmap in the details sections. Furthermore, they commented
on the liquidity section. They mentioned that the design of that section helped them to
find most popular liquidity metrics easily and see its movements. Beside the benefits of the

HFTViz, they also mentioned some improvements that could make HFTViz more suitable
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for financial users. They suggested the hovering label to become larger for being more clear
to read. Another point that they noticed was changing the sequence of selected stocks at
details panel in order to put different stocks near the Market SPY at the top for making
comparison. In general, users are satisfied with HFTViz and they like to work with it in

their workplace.

3.5.2 Exploring the Effect of Other Markets on Stock Market

In this section, we have two users that are portfolio analysts. They used different type of
data in their works in order to create well performed portfolio. In addition, they have a keen
interest in HFT world since they can investigate different phenomenon in the stock market
in details. The first user of this case study, Us wanted to explore the effect of commodities
market on stock market. Because of that, Us aimed to analyze the shortage of the oil on the
stocks. Inorder to answer that question, Us started with oil demand dataset. After analyzing
that, Us wanted to investigate related stocks in US market using HFTViz. For finding the
related stocks using HFTViz, Ui started with the search bar and select New Fortress Energy
Inc., Xcel Energy Inc., CenterPoint Energy, Inc., Chesapeake Energy Corporation and NOV
Inc. After that, Us went to the details panel to see the selected stocks in details. By looking at
the number of messages and liquidity simultaneously, Us saw a pick in those companies stocks
prices. With those finding, Us decided to create a statistical model to test the relationship

between commodities and stock market.

Another userin this section, Us, wanted to investigate the effect of Covid-19 on stock market.
For this reason, Us was interested in looking at different industries. Us started with Feb. 20th
of 2020 to find the effect of beginning of the pandemic. After that Us sorted the stocks by
market capitalization and picked Apple, Google and Facebook. Us then went to the details
and started looking at the liquidity measuresfirst. Afterinvestigating theliquidity to find the
start of big sell of at that date, Us changed the date into one year later to see the recovery of
those stocks. Us finally noticed that the recovery of the giant tech companies is much faster
than the rest of the S&P500 companies.

Furthermore, the users pointed out some limitations of HFTViz. In the current version of
HFTViz, we focused on displaying all information on S&P500 companies and selected stocks;
however, also more filters of companies (i.e. filtering by companies sector) would be of interest
to the users. The overall feedback for HFTViz was very encouraging and indicates that our

system generally answers the questions presented in "Data and User Questions" section.
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3.6 Discussion

Two case studies show the effectiveness and usability of our system for the exploration of
HFT data. Overall, our collaborating users are satisfied with its abilities, especially with LOB
visualization. The large overview presents a whole picture of the S&P500 world based on
percentage of price changes. Supplementary information is provided by the details panel. In
details panel, HFT data is organized into two sections. The first section is Limit Order Book
(LOB) view and the second one is Liquidity measures. LOB view helps users to investigate
each stock in terms of its bid, ask, cancel messages and volume of trade. Also, Liquidity
view helps users to find out time periods that a stock has low liquidity which means there
is a special period in the market. When compared with standard financial data analysis
software, our system has already processed data and provided a comprehensive analysis of
the whole S&P500 market and individual stock with well-coordinated views. To the best of
our knowledge, HFTViz is the first visualization system analyzing High Frequency Trading
data, which closely follows domain tasks and requirements. Both domain experts and users
with basic knowledge about HFT could step into this world via HFTViz [97].

Although HFTViz receives positive feedback and satisfaction from users, it has still some
limitations. Firstly, our users mentioned dynamic font size for the visualization in order to
setlegends and labels by the user for convenient reading. The possible improvement for this
limitation could be creating manual setting that user can change the font and theme of the
visualization in order to read it easier. One other improvement that our users mentioned in
the evaluation would be to add more filters to the overview section. They mentioned that
filtering by industry sectors, special markets such as ETFs, S&P400, etc. could help them to
find their stocks faster. Adding a specificsection for filtering and provide different filtersand
sorting could improve further to design. In addition, our users noticed customized changes in
the order of the stocks and liquidity measures can facilitate comparison between a stock and
the market ETF (SPY). To solve this limitation, we could add a drag and drop interaction

in order to change the stocks sequence and their liquidity metrics.

In addition, the current HFTViz system can be used to visualize other datasets. First, there
are exchanges that can support high frequency trading. Also we can use our visualization in
other market analyses and create a platform for trading business intelligence [97]. Second,
thedesignintheoverview panel could be extended by adding different filter and sort criteria.
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3.7 Conclusion

In this paper we presented HFTViz, a tool for the visualization of High Frequency Trading
data. An evaluation from our users showed that our design choices fulfilled our user needs.
Based on positive feedback that wereceived, future research on this tool could be built based
onthiswork. Also, for future works visual modifying of selected stocks canbe added in order
to improve user’s performance (Q1). Moreover, industry sector filters can be added to the
overview visualization panel (Q2). Also, there are different financial markets thathave HFT
mechanism for trading so we would like to expand our tool in them. Beside that, we plan
to explore other methods for visualizing HFT data like animation and making maps from
different markets. As some of our users recommended, we would like to add real-time feature
viewing to our tool. This feature needs more investigation since HFT data are very heavy in

volume and need proper storage.
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CHAPTER 4 GENERAL DISCUSSION

In this chapter, we gather our important lessons from evaluation of HFTViz. After that, we

will discuss HFTViz limitations and future works.

In this research, we start our evaluation by conducting interviews from each of the domain
experts in order to learn about their workflow, i.e., the specific kind of events that they
want to investigate using HFTViz. Our experts come from different backgrounds such as
quantitative financial analysis and academic researchers in market micro-structure. Both
user groups have the same user questions and needs. The difference between two groups is
in their events that they would like to investigate. As HFT data analysts and researchers,
their main goal is to create a model that explains impacts of some macroeconomics and
microeconomics changes in the US financial market. Examples for specific tasks are impact
of the announcements of a company on its stock and other stocks in the common industry
section, effect of commodities shortage in stock market and policy impacts on stock market.
Actually, our experts made their decision for participating in our evaluation based on the
need for a solution to investigate HFT data in order to gain insights into the market and
detect different factors that can affect financial market in different timescales. Our experts
needs overlap with our identified user needs that we made our design choices based on (see
"Data and User Questions" section). Overlapping our experts actual needs with HFTViz

shows that our identified user questions fit the target users.

Our process was started by explaining the goals of HFTViz, followed by a live demo with
one person in charge of answering users questions if they have any. We presented HFTViz
features using that demo. After that, we started the free exploration part of the interview
which helps users to get familiar with HFTViz. Then, we asked them to identify their tasks
that they aimed to investigate. Subsequently, they pick a related date to the selected event
and investigating overview visualization. Using overview visualization, they selected some
stocks that are related to their task by searching in the search bar or clicking on its section in
overview panel. After finalizing the stock selection in overview, our experts use the detailed
visualization panel to investigate the details of each stock in order to fulfill their identified

event.

After finishing the investigation section, we asked the experts to give us their feedback.
They mentioned that they suffered from investigating HFT data without a proper visual tool
since it is a large multivariate time series. However, after using HFTViz, they praised the

simplicity of the tool for investigating different details of HFT data. They also mentioned
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thathaving an overview panel which shows all S&P500 togetherisa greatidea to observe the
entire market at once. The experts also appreciated the option to sort companies by market
capitalization and trading volume to observe common companies evolution over time (Q2).
The detailed visualization panel fulfilled its design goal. The idea of visualizing number
of messages by heatmap was noticed as a very interesting idea (Q1). They mentioned
that it helped them to identify density of highly trading moments in the market with price
movements simultaneously. Moreover, they mentioned the hovering and zooming feature
helpful in focusing on the moments belonging to a specific event (Q5). The experts also

confirmed the effectiveness of liquidity’s measures besides the limit order book visualization
(Q3, Q4).

Beside all of the points that our experts mentioned, there are some limitations for HFTViz
that we will now discuss. In the current version of HFTViz, displaying all information on
S&P500 companies and selected stocks is our concentration. However, more filters of com-
panies (i.e. filtering by companies sector) could be interesting for the experts. In addition,
one of our experts mentioned that having sort by correlation would be beneficial for stock
selectionin overview panel. Another expert mentioned that creating a way toidentify impor-
tant dates in the market can be useful for date selection. Also, adding "Next" and "Previous"
buttons to change dates is another point that was mentioned. Besides that, adding visual
modification the order of the selected stocks in the detailed visualization panel is another
limitation that our experts pointed out. Having vertical zooming is another point that our
users mentioned during the open discussion after the tools evaluation. It can help users to
see the movements of price in finer scales in both horizontal (by current zooming interaction)
and vertical axes. Moreover, we receive a feedback that emphasizes on customization of the
details panel in order to control the amount of information that users want to observe. Our
expert mentioned toggling on/off the liquidity metrics can be one way to control the amount
of visualization and facilitate comparison between same metrics. Our user also mentioned
that currently it is hard to compare same liquidity metrics even if there is a synchronous
hovering ability because other metrics exist between them that create visual clutter.

Based on our users answers to each question (Fig. 4.1), our users have dissatisfaction from
sorting and readability of detailed visualization features. As we mentioned in previous section,
they noticed these twoaslimitations for HFTViz. Our users wanted more criteria to filter and
sort. Also, they would like to adjust the font size with their screen in order to have flexible
readability when they are interacting with HFTViz. HFTViz visual design and features can

achieve 80% of its user’s satisfaction in our evaluation (Fig. 4.2).

In addition, we can apply HFTViz to other markets. Firstly, because most of the exchanges
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support high frequency trading as a feature to their market in order to facilitate presence

of big trading companies. Secondly, since our data is multivariate time series dataset, we
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can use this visual approach to other multivariate time series datasets. We also can apply
our approach into the transaction based datasets that contain huge amount of transaction
in different time scales. Moreover, we can add features for doing more quantitative analysis
on detailed panels. For example drawing different indicators and metrics and overlapping
them with price movement to see their correlation. Also, the design in the overview panel
could be extended. We can add multiple sort criteria which encode alternative attributes of
an asset [97].



35

CHAPTER 5 CONCLUSION

In this chapter, we summarize our work and mention HFTViz limitations briefly. After that,
we wrap up the chapter by listing future research works that can be done based on current
foundation.

5.1 Summary of Works

In this work, HFTViz was represented as a tool that could be used in order to investigate
high frequency trading data. Westarted our work by conducting severalinterviews from two
practitioners in financial industry. The goal of those interviews was to understand their needs
and challenges that they currently face using HFT datasets. After understanding their needs
via several interviews, we gathered all user needs and divided them into five user questions in
order to answer them with our design choices. Then we started our design process based on
user centered design guidelines and create different prototypes for HFTViz. After that, we
filtered prototypes using review sessions that were conducted by research team. Those review
sessions helped us to find the better perspective from user needs. We also added anidea to
the prototype for representing message numbers leveraging heatmap in order to show density
of trades in the market. After designing final version of the prototype, we conducted two
case studiesin order to get feedback from our potential users. Wereceived positive feedback
from them. Also, they acknowledged ouridea for showing density of the trading in HF T Viz.

In the next section, we will briefly mention HFTViz limitations from user interviews.

5.2 Limitations

In this section, we briefly describe HFTViz limitations based on the user interviews that we
organized for evaluating our design choices. In overview panel, most of our users mentioned
customizationinfontas one of the potential improvements that we can make for next version
of the HFTViz. Also, they mentioned that we can have a metric in order to mark important
dates for the market in the calendar. They also commented on the filtering criteria. They
mentioned that they would like to filter overview panel’s stocks that are S&P500 by default.
They told usfilter by industry, correlation with other stocks and different groupslike S&P400
are most needed filters for a financial analyst. Also, they mentioned that sorting options can
be expanded. Sorting with correlation with other stocks or market itself was mentioned as a

potential sorting option to add in next versions.
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In the detailed panel, our users mentioned some customization comments such as adding
time filtering tab in the menu side. They would like to use exact timestamp in order to
investigate it in details. Regarding their comments, adding that feature helps them find the
finer timescales immediately instead of investigating through multiple hours in a selected date.
Beside time tab, our users like to filter the liquidity metrics in order to make a comparison
between same liquidity metrics. One of our interviewees mentioned that when a user wants
to compare price impact of all selected stocks, there are extra liquidity metrics present that
create visual clutter. Another important limitation that one of our users mentioned is being
able to change the order of selected stocks without canceling and re-selecting them. Our user
told us that it could be a good idea to change the order of the selected stocks by dragging
and dropping LOB section of the stocks. All those aforementioned limitations are precious
for us because they lead us to create a better visualization to investigate HFT data. In the
next section, we will summarize our future steps and developments that are possible based

on current work.

5.3 Takeaways

In this research there are two main takeaways that can help other researchers to create more
effective visual tools. First takeaway is importance of user questions. In our research, user
questions are the best guide for testing our design choices and filter prototypes with them.
Also, by interviewing the users, we found out that the user needs can cover wide variety
of domains that we need to learn and cover them in our tools like financial liquidity in
HFTViz. Second takeaway is the method of visualization that we use. In our research, we
use number of messages in heatmap to show market concentration. Also, we present different
price aspects like Bid, Ask and Cancel in the LOB section of the visualization. In addition,
we include different liquidity metrics that present more information from data. HFTViz
design choices can be applied in different markets that have high frequency infrastructure
like Cryptocurrencies, commodities (0il, soybean, etc.) and Foreign Exchanges.

5.4 Future Research

Future research can be shaped around limitations of our current work. Firstly, we can add
more features in order to cover limitations. Creating a menu tab to customize font size and
color theme enables users to make the tool more readable based on their screen size. Also,
creating a metric for showing importance of a date in the calendar helps users to observe

important days in the the market using tool’s calendar. For covering filters criteria we can
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add a section in the menu in order to present different options for filtering the overview

panel’s stocks. Adding more options in sort section can solve mentioned limitations.

Beside covering the limitations, we can apply our tool for visualizing different markets that
have high frequency trading option for their traders. Also, there are similarities between
stocks and cryptocurrencies. Hence, we can visualize cryptocurrency trading data with our
current approach and design choices. Another improvement that we can make for future
versions is real-time update. This improvement needs more investigation because of the
nature of the HFT data. HFT data needs large data storage to host and serve it in real-time

format.
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