








(2009) defines the following: “Modularity therefore ranges from -1 to 1, with 0
representing no more community structure than would be expected in a random graph,
and significantly positive values representing the presence of community structure. In
practice, modularity over 0.3 or higher is observed in real-world networks with significant
community structure”. Merely the finding that a network contains tightly-knit groups at all
can convey useful information: a network contains tightly-knit groups at all can convey
useful information: One of the objectives Weinstein et al (2009) aimed to achieve was to
employ social network analysis (SNA) algorithms as a filtering step to divide the Jihad
group Jemaah Islamiyah into distinct communities from the September 2004 bombing of
the Australian embassy in Jakarta atrocity. They used the Newman modularity community
detection SNA algorithms. The experiment used community detection on the simulated
graph, detected communities were searched and the community with the highest number
of terror cell actors, who, for the purposes of this experiment, were known in advance.
This detected a number of terrorist clutter actors in a particular community. Each clutter
actor represents a false alarm, and each terrorist actor represents a positive detection.
Given those counts, this allowed to precision calculations and recall measures on the
detected community Results also indicated that for smaller graphs the community
detection performs quite well with high precision scores. However, as the graph gets
larger, precision scores begin to drop dramatically. However when examining
communities in networks, one often requires an objective metric to evaluate how “good” a

particular division of the network into communities is.

3.5.9 DIAMETER AND RADIUS

Mislove (2009) states in his thesis, the radius and diameter of a graph, which represents
how far away nodes, are from each other in the network. First, the eccentricity of a node v
is the maximal shortest path distance between v and any other node. The radius of a graph
is then the minimum eccentricity across all vertices, and the diameter is the maximum
eccentricity across all vertices. Thus, the radius represents the maximal distance from the
most “central” node in the graph to all other nodes, and the diameter represents the
maximal distance from the least “central” node in the graph to all other nodes. Due to the

computational complexity associated with determining the actual radius and diameter, the

39



radius and diameter of a graph is often estimated by calculating the eccentricity of a large
random sample of nodes in the network. In such cases, the diameter should be viewed as a

lower bound of the true diameter, and the radius as an upper bound of the true radius.

3.6 CONCLUSION

SNA metrics provide a useful insight into how networks evolve, who the main influencers
are as it focuses on interaction rather than behaviour. The literature identifies an array of
disciplines the methodology can be applied too. Whilst It is helpful to understand how an
online financial community and terrorist community network evolve and be able illustrate
how it can be destabilised using the six degrees of separation theory. It maybe more
helpful, however, to understand how a network conscripts participants and why people

wish to join terrorist or online financial community’s networks.

From the literature review the main limitation of social network analysis is the same that
applies to any new and innovative technology: social network analysis is just one tool that
can be used to understand networks and communities, and is just one piece of the jigsaw.
Text mining is another tool that can be used in conjunction with same It is true to state
that networks be that online financial networks or terrorist groups, share striking
similarities in regards to centrality inbetweenness and modularity. Despite their non-

hierarchical approach, most networks are not completely organised in a network structure.
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CHAPTER 4

4 EXPERIMENTAL METHODOLOGY: STATISTICAL TEST AND DATA
MINING MODELS

The literature review considered the SNA metrics existing techniques and research used
within the field. Chapter 4 will portray the data mining and prediction techniques used to
formalise the approach taken. These methods were used to perform the basic operations of
data mining such as predictive analysis and descriptive analysis. The predictive analysis
involves looking at the past history with the intent to predict future behavior. Description
analysis looks at deviation and similarity based analysis. The process used for the data
extraction follows the basics Knowledge Discovery in databases (KDD) which is
concerned with finding useful information and patterns in databases and the use of
algorithms is used via the Weka application to extract patterns derived from the KDD

process.

4.1 GINI INDEX

The Gini coefficient is a measure of inequality of a distribution, and in this thesis is
applied to the distribution of messages posted by users. It is defined as a ratio with values
between 0 and 1: the numerator is the area between the Lorenz curve of the distribution
and the uniform distribution line; the denominator is the area under the uniform
distribution line. It was developed by the Italian statistician Corrado Gini and published in
his 1912 paper "Variabilita e mutabilita" ("Variability and Mutability").

The Gini index is the Gini coefficient expressed as a percentage, and is equal to the Gini
coefficient multiplied by 100. (The Gini coefficient is equal to half of the relative mean
difference.) The Gini coefficient can also be used to measure wealth equality and
inequality. This use requires that no one has a negative net wealth. It is also commonly
used for the measurement of discriminatory power of rating systems in the credit risk
management. The Gini coefficient is defined as a ratio of the areas on the Lorenz curve
diagram. The Lorenz curve is a graphical representation of the cumulative distribution
function. If the area between the line of perfect equality and Lorenz curve is A, and the

area under the Lorenz curve is B, then the Gini coefficient is A/(A+B).
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If the Lorenz curve is represented by the function Y = L(X), the value of B can be found
with integration and

1
B =f0L(X)dX.

4.2 PAIRED TEST

A paired t-test compares two samples in cases where each value in one sample has a
natural partner in the other. A paired t-test looks at the difference between paired values (
the mean values) in two samples, takes into account the variation ( Standard deviation) of
values within each sample, and produces a single number known as a t-value. Considering
that the experiments are taking pre and post data sets before geopolitical events the pair
test will outline the longitudinal differences between both sets of data. The paired test

formula is as follows:

MK
tvalue - ﬁ
0, , 0y
—_ _|_ &
n n

Where 117 is the mean of the first dataset, i, is the mean of the second dataset, o, is the

standard deviation of the first dataset, o, is the standard deviation of the second dataset
and n is the size of the dataset. In our experiments we will have n=154 elements (i.e.22
geopolitical events multiplied by 7 stocks = 154 elements). In order to understand the t-
value corresponding to a certain confidence level the student’s t-value distribution (see
Table 4) is used. For a 90% confidence rating, referring the table 4, a t-value of 1.301 is
required when N > 45, while a t-value of 1.679 is needed for a confidence level of 0.95%
and 2.41 for a 0.99% confidence level. The computation of the paired testes will be

calculated using Network X.
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19. j1.328 1.729 2.093 2.539 Z.861 2. 579
20. |1.325 1. 725 2.086 2.528 2.845 3.552
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25. j1.31s 1.70e Z.060 2.485S 2.787 2.450
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28. |1L.3213 1.701 2.90486 2.467 2.763 =.408
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24. j1.307 1.691 2.032 2.441 2.728 2.348
35. j1.306 1.6290 2.0320 =Z2.438 2.724 =2.340
36. |1.30s5 1.688 2.028 2. 434 25729 3.333
37. J1.305 1.86587 2.026 2.4321 2.715 = =y
368. |1.304 1.586 2.024 2.429 2. 712 2.319°9
39. j1.3042 1.68S 2.023 2.426 2.708 =.313
40. j1.303 1.6584 2.0221 2.423 2.704 3.307
41. j1.303 1.S583 2.020 2.421 2.701 2.301
42. j1.302 1.6882 =Z.018 2.418 Z.698 2.296
43. |1.302 1.581 2.017 2.416 2.695 3.29%
494_. J1.301 1.680 2.015 2.414 2.692 3.286
45. |1.301 1.679 2.0142 2.412 2.5890 2.281

Table 4: T — Value confidence rating table

4.3 DECISION TREES USED FOR PREDICTION MODELS

Sas (2012) states that Decision trees are a simple, but a powerful form of multiple variable
analyses. They provide unique capabilities to supplement, complement, and substitute for
a variety of data mining tools and techniques and statistical intelligence. Decision trees are
produced by algorithms that identify various ways of splitting a data set into branch-like
segments. These segments form an inverted decision tree that originates with a root node
at the top of the tree. The object of analysis is reflected in this root node as a simple, one-
dimensional display in the decision tree interface. The name of the field of data that is the

object of analysis is usually displayed, along with the spread or distribution of the values
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that are contained in that field. The display of this node reflects all the data set records,
fields, and field values that are found in the object of analysis. The discovery of the
decision rule to form the branches or segments underneath the root node is based on a
method that extracts the relationship between the object of analysis (that serves as the
target field in the data) and one or more fields that serve as input fields to create the
branches or segments. The values in the input field are used to estimate the likely value in
the target field. The target field is also called an outcome, response, or dependent field or
variable. To create a decision tree a list of variables for input is needed this is located in
appendix B. The experiment will use the open source platform Weka using the J48
algorithm.

4.4 THE CONFUSION MATRIX

A confusion matrix (Kohavi and Provost, 1998) contains information about actual and
predicted classifications done by a classification system. Performance of such systems is
commonly evaluated using the data in the matrix. The following table shows the confusion

matrix for a two class classifier.

actual class

(t/f)

tp fp
(true positive) (false positive)
Correct result Unexpected result

predicted class
(p,n) fn tn

. (true negative)
(ﬁilgsir?g%:gmi) Correct absence of

result

Table 5: The Confusion Matrix

Based on the data contained in the confusion matrix, several performance indicators can
be defined. The most common performance indicators used are precision, recall and the F-

measure, defined as follows:

t
Recall = —2
tp+fn
- tp
Precision =
tp+fp
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Precision Recall

" Precision+Recall

In order to explain the meaning of these three metrics, we refer to how they are used in the
field of information retrieval. If we have a set of records in a database and a set of records
to be retrieved by a search engine, in most of the cases the set returned by the search
engine may not fully match the set of relevant records.

Recall in information retrieval is the fraction of the documents that are relevant to the
query that are successfully retrieved. That means that we have maximum recall if all the
relevant documents were retrieved. However, even non-relevant documents might have

been retrieved. In order to test the quality of the retrieval, the precision is also needed.

Precision is the fraction of retrieved documents that are relevant to the find that means that
in order to have high precision, if 10 documents are retrieved, all of the 10 are relevant

(but the recall could be low, meaning that there were more than 10 relevant documents).

The F measures accuracy mixing the statistics precision p and recall r. Precision is the
ratio of true positives (tp) to all predicted positives (tp + fp). Recall is the ratio of true

positives to all actual positives (tp + fn). Thence the F score is

Precision t t
F=2. — X 100 where p = 2 r= —%
Precision+Recall tp+fp tp+fn

45 PYTHON PARSER

A Python parser is used to get a list of messages from the online financial communities
within Yahoo Finance. This is used to create the networks and compute the SNA metrics
of the associated actors from each stock forum on Yahoo Finance. A Python library

known as Network X is used in the computation.

4.6 WEKA

Weka is open source software that was used for the predictive modeling in this thesis.
Weka uses a collection of machine learning algorithms for data mining and data
prediction. The algorithms can either be applied directly to a dataset or called from your

own Java code. The application requires a preformatted file pertaining to the experimental
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data for input into the application. Weka contains tools for data pre-processing,
classification, regression, clustering, association rules, and visualisation. Appendix A

contains the file used for the experiments.

4.7 GEPHI

Visualisation plays an important role in SNA, for illustration and exploration purposes
alone, the visualisation of SNA content allows the examiners to analyse and manipulate
the network in the most effective manor and means. Gephi is open source software for
graph and network analysis. It uses a 3D render engine to display large networks in real-
time and to speed up the exploration. A flexible multi task architecture brings new
possibilities to work with, complex data sets and produce valuable visual results Bastian
(2009) Pajek is another open software application, however it’s widely believed that the
Gephi application is a more powerful application. Typically results are displayed in
graphic format with graphs that consist of nodes to represent actors and lines on the

network. The Gephi application was used to create the network diagrams on this thesis.

4.8 NETWORKX

NetworkX is a python language software package for the creation, manipulation, and
study of the structure, dynamics, and functions of complex networks. With NetworkX you
can load and store networks in standard and nonstandard data formats, generate many
types of random and classic networks, analyse network structure, build network models,

design new network algorithms, draw networks, and much more ( NetworkX)
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CHAPTER 5

5 EXPERIMENT INTRODUCTION
This chapter presents a set of experiments performed to test the reaction of online
communities and the stock market to geopolitical events related to conflicts and

international crisis.

Three experiments were undertaken. The first experiment tests how online communities of
investors talking about stocks operating in the military sector change before and after a
geopolitical event. In order to do so, a build of online investors’ networks is required and
the metrics of different networks such as density, modularity and centralisation will be

compared by mean of a statistical test.

The second experiment is concerned with the examination of how prices of military
related stocks change in reaction to geopolitical events. In particular, we compare the price
of these stocks before and after the event in order to understand if stock prices are
sensitive to such events, and we also compare the price change with the S&P 500 index to

understand the behavior of such stocks relatively to the market benchmark.

Finally, in the last experiment a decision tree predictive model is used to investigate if the
prices of military stocks a week after a geopolitical event could be predicted by using a set
of features encompassing the past prices of each stock and a set of SNA metrics gathered

from online community’s activity relevant to each stock.

5.1 DATASET

This section describes the dataset collected and used in the three experiments of this
chapter. The naming convention and notation are also introduced.

5.1.1 MILITARY STOCKS

The inception point was to select a number of stocks operating in the defense and military
sector. These are mainly medium and big capitalisation manufacturing companies with a

strong R&D department.

We call S the set of stocks identified. S contains 7 US military stocks, each of them

identified by its market ticker. For instance, we use the symbol S,y to refer to the stock
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United Technologies. The stocks are listed in table 6. The column capitalisation contains

the capitalisation of each stock in billions of dollars, while the percentage in parenthesis is

the relative size of each stock over the total capitalisation of all the seven stocks. The

seven military stocks have a total capitalisation of about $300 billion, which represents
about 2% of the total capitalisation of the S&P 500 index, estimated at about $15 trillion

in July 2014.

Stock

Ticker

Capitalisation

Description

Honeywell
International

HOC

74.71B $

(24.84%)

Honeywell International Inc. operates as a
diversified technology and manufacturing
company worldwide. Its Aerospace segment
provides  turbine  propulsion  engines,
auxiliary power units, environmental control
and electric power systems, engine controls,
flight safety, communications, navigation,
radar and surveillance systems, and aircraft
lighting products for aircraft manufacturers,
airlines, business and general aviation,
military, space, and airport operations, as
well as offers management and technical,
logistics, aircraft wheels and brakes, and
repair and overhaul services

United
Technologies

uTXx

100.34B $

(33.37%)

United Technologies Corporation provides
technology products and services to the
building systems and aerospace industries
worldwide. It also offers electronic security
products, including intruder alarms, access
control systems, and video surveillance
systems; and monitoring, response, and
security personnel services.. Its Pratt &
Whitney segment supplies aircraft engines
for commercial, military, business jet, and
general aviation markets, as well as provides
fleet management services for commercial
engines. The company’s UTC Aerospace
Systems  segment  supplies  aerospace
products. Its Sikorsky segment manufactures
military and commercial helicopters, as well
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as provides aftermarket
aircraft parts and services.

helicopter and

L-3
Communication
Holding

LLL

9.42B $

(3.14%)

L-3 Communications Corporation, provides
command, control, communications,
intelligence, surveillance, and reconnaissance
(C3ISR) systems; aircraft modernisation and
maintenance; and national security solutions
in the United States and internationally. The
company operates in four segments:
Aerospace Systems, Electronic Systems,
Communication Systems, and National
Security Solutions. It offers a range of
products and services, including components,
products, subsystems, and systems, as well as
related services to military and commercial
customers in various business areas.

Lockheed
Martin
Corporation

LMT

55.7B $

(18.51%)

Lockheed Martin Corporation, a security and
aerospace company, is engaged in the
research, design, development, manufacture,
integration, and sustainment of advanced
technology systems, products, and services
for  defense, civil, and commercial
applications in  United States and
internationally. The company operates in five
segments: Aeronautics, Information Systems
& Global Solutions, Missiles and Fire
Control, Mission Systems and Training, and
Space Systems. The Aeronautics segment
offers military aircrafts, such as combat and
air mobility aircrafts, unmanned air vehicles,
and related technologies. The Missiles and
Fire Control segment offers air and missile
defense systems; tactical missiles and air-to-
ground precision strike weapon systems;
logistics and other technical services; fire
control systems; and manned and unmanned
ground vehicles.

Alliant

ATK

41B $

Alliant Techsystems Inc. develops and
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Technologies

(1.4%)

produces aerospace, defense, and commercial
products to the U.S. government, allied
nations, and prime contractors in the United
States, and internationally. It supplies
ammunition,  firearms, and  shooting
accessories. The Aerospace Group segment
offers rocket motor systems for human and
cargo launch vehicles, conventional and
strategic missiles, missile defense
interceptors, small and micro-satellites,
satellite ~ components,  structures and
subsystems, lightweight space deployables,
solar arrays, decoy and illuminating flares,
and aircraft countermeasures. The Defense
Group segment provides military small,
medium, and large caliber ammunition;
propulsion systems for tactical missiles and
missile defense applications; strike weapons;
precision munitions; gun systems; aircraft
survivability systems; fuses and warheads;
energetic materials; and special mission
aircraft.

Northrop
Grumman
Corporation

NOC

26.5B $

(8.81%)

Northrop Grumman Corporation provides
systems, products, and solutions in
aerospace, electronics, information systems,
and technical service areas to government
and commercial customers worldwide. The
company’s Aerospace Systems segment
designs, develops, integrates, and produces
manned  aircraft, unmanned  systems,
spacecraft, high-energy laser systems,
microelectronics, and other systems and
subsystems. This segment sells its products
primarily to government agencies for use in
various mission areas. Its Electronic Systems
segment offers solutions for sensing,
understanding, anticipating, and controlling
operating environment to military, civil, and
commercial customers. This segment’s
solutions comprise defense electronics and
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Given a stock x and an event e; € £, we use the following notation: P, (x) is the price of
stock x at the date of event e;, while P;—i’d(x) is the closing price of stock x after (or
before) d days from the event. For instance, referring to the event id of table 7 and the
tickers of table 6, PeJ;S(UTX) is the closing price of the stock UTX five days after the
event e, (a Libyan-related event happened on the 16" of February 2011).

The return of each stock (also called the gain of a stock) is expressed as a percentage in
[0,1] and it is denoted by G. For istance, G;—:.d(x) is the gain of the stock x after (or before)

d days from the event e;. By definition it is:

Pe-ii-d(x) - Pei(x) Pei(x) - Pe_id(x)

Pei(x) ’ Pe_l.d(x)
Stock prices follow a log-normal distribution, while stock returns follow a normal
distribution.

Ge, ' (x) = Ge, (x) =

5.1.4 ONLINE COMMUNITIES DATA

Online message board data was collected about online investors’ interactions from 2010
till 2014. Our source of online communities’ data is represented by Yahoo! Finance

Message Boards.

Yahoo! Finance keeps a message board for each stock quoted on the US market. Each
message board is a stream of threads opened by registered users. Each thread is a stream
of messages posted by users. A user can decide to add a new message to a thread, answer

to a message or open a new thread.

A preexisting DIT parser using Python 2.7 programming language, the urllib library and
regular expression was used for the message board extraction from the Yahoo Finance
website. The parser collected the discussions regarding the seven military stock of interest
from 2010 till July 2014. Data was collected about the list of threads, the list of messages
for each thread, the content of each message, time of the message, users and the citations
between messages. Data collected by the parser was stored in a MySQL database. Table 8

describes in details the data collected and it is an exact mapping of the database table used.
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Field Description

Message 1D An incremental unique ID of each message posted

Thread ID An incremental unique Id of each Thread opened

Thread Title The title of the thread

Message Timestamp Timestamp when the message was posted

Message Content The text of the message

Stock The stock message board the message refers to (one of the

seven military stocks considered)

User A unique username of the author of the message

Message Quoted If the message is a response to another message, the field
contains the ID of the message quoted.

Table 8 Data collected from Yahoo! Finance Message Boards

There was approximately 85,000 messages regarding the 7 stocks examined, written in
about 9,500 threads by about 3,850 users.

5.1.5 BUILDING A NETWORK OF INVESTORS

Using the Message Board data described in Table 8, | was able to define a social network
for each stock and a specific interval of time[t,,t,]. The nodes of the networks were
represented by users positng a message in the interval of time, while an edge is drawn

from node a to node b if user a quoted at least one message written by user b.

The notation followed is the following. We call N(tv¢2l(x) the network of online users for
the stock x built considering all the messages posted in the interval [¢t;,t,]. Since we are
interested in the behaviour of online communities before and after a geopolitical event e;,
the social network of investors d days before an event e; will be represented by the time

interval [te, — d, t,, ], where t,, is the timestamp of event e;. In the same way, the network
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d days after an event e; is identified by the timestamp [t,,t., + d]. We use the shorter

notation Ny %(x) and N} (x) to identify the network d days before and after an event e;.

In order to describe each network N, the SNA metrics described in Table 9 were

computed.
Indicator Description
Ny(N) Number of nodes in the networks, equal to the number of users
active on the network
Eq(N) Number of edges of the networks, equal to the number of users
cited
D(N) Density of the network N
C(N) Freeman’s centralization of the network N
Btw(N) Average in-betweennes centrality of the network N
Mod(N) Newmann’s modularity of the network N
Gini(N) The Gini index of the distribution of the number of messages
posted by each user in the network. Low value of the Gini index
are an indicator of messages equally spread over users and
viceversa. Note how this indicator is not strictly speaking an SNA
indicator
Diameter(N) Diameter of the network N

Table 9 SNA indicators computed for each network.
5.1.6 EXPERIMENT 1: TESTING ONLINE INVESTORS REACTION TO GEOPOLITICAL EVENTS

This experiment wants to verify if the structure of the network of online investors is
significantly modified by geopolitical events. In order to investigate the issue we defined,
for each stock s in S and each event e; a pair of networks: one including all the online
community activity d days before the event (called the before network) and one including

all the activity d days after the event (called the after network). Scope of the experiment is
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to verify if there is a statistical difference between the SNA metrics of the before and after
network. Therefore, we will perform a paired t-test for each metrics.

In the experiment, we used a value of the number of days d equal to 2, 5 and 20 trading
days (equal to 2 days, one week and one month), to test the reaction of the community at

different time interval.

Since we have a dataset of 22 events, 7 stocks and three different time interval (2,5 and 20
days), we have collected a total of 462 before and 462 after networks. Figure 9 depicts one
of the most common patterns identified between before and after networks. Usually, the
after network is more centralised, with higher number of users and quotations and it is
distributed around few central actors, while the before networks appears less united with a

higher number of isolated nodes.

Before After

Figure 9: The network of online investors talking about UTX the week before and after
Obama said U.S. will reconsider its opposition to military involvement in Syria (20"
August 2012). The graph on the right has a higher number of nodes and links, it is more

connected and the core actors of the network make it more centralised.

The following tables show the results of a paired t-test performed between the before and
after networks. We divided our results according to the size of the time interval considered
(2, 5 and 20 days).
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Indicators Mean Difference % T value Significance
N4(N) 3.64 1.28 2.84 +++
E4(N) 3.21 1.6 1.99 ++
D(N) 0.014 0.023 0.74 =
C(N) 0.048 0.032 1.74 T+

Btw(N) 0.64 0.413 1.55 +
Mod(N) -0.164 0.104 -1.58 -
Gini(N) -0.037 0.056 -0.66 =
Dia(N) 1.12 0.82 1.36 +

Table 10 Results of the paired t-test between the before and after networks with d=2

Table 10 illustrates the results of the paired t-test between the before and after networks
with d=2 days. N= 154. The symbol +++ means statistical significance with a 0.99%
confidence level and that the values of the after network are greater than the values of the

before networks, ++ and + corresponds to a significance level of 0.95% and 0.90%

respectively. The symbol ---, -- and — denotes statistical difference at 0.99, 0.95 and 0.90
confidence level but where values of the before network are greater than ones of the after
network.
Indicators Mean Difference % T value Significance
n

Ny(N) 2.62 1.41 1.85 ++

E; (N) 1.72 1.83 0.93 =

D(N) 0.015 0.025 0.6 =

C(N) 0.047 0.031 1.52 +

59



Btw(N) 0.625 0.452 1.38 T
Mod(N) -0.04 0.153 -0.26 =
Gini(N) -0.028 0.071 -0.39 =
Dia(N) 0.89 1.01 0.88 =

Table 11 Results of the paired t-test between the before and after networks with d=5 days

Indicators Mean Difference % T value Significance
N4 (N) -0.46 1.38 -0.33 =
E;(N) -0.86 1.94 -0.44 =
D(N) 0.013 0.028 0.45 =
C(N) 0.028 0.054 0.518 =

Btw(N) 0.34 0.493 0.689 =
Mod(N) -0.104 0.194 -0.536 =
Gini(N) -0.059 0.0626 -0.94 = (- with cl
80%)
Dia(N) -0.43 0.89 -0.48 =

Table 12 Results of the paired t-test between the before and after networks with d=20
days

5.1.7 EXPERIMENT 1: ANALYSIS OF RESULTS

Tables 10, 11, and 12 show a clear trend. When we consider the period immediately after
a geopolitical event (d=2 days), the majority of the SNA metrics except density,
modularity and Gini index are significantly higher in the after network than in the before

network. Based on experimental results, we can conclude that during the two days
following a geopolitical event the following happens:
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e More online users are talking about military stocks, as evidenced by the high
increase in the number of nodes in the after network (t-value = 2.84, 0.99

confidence level)

e These users are interacting more, as evidenced by the high increase in the number
of edges in the after network (t-value=1.99). This behaviour could be interpreted
as an increased collective effort of the users to join strengths together and try to
discuss and make sense of the consequences of the recent event. Casnici et al

(2014) call this behaviour joint-attention of online investors.

e The centralisation and average in-betweennes centrality of the after networks
increase significantly. This means that in the after networks there are a group of
actors with high importance in the network, acting as hubs and central point of
reference during the discussion. This could be interpreted as the presence of a
small group of authoritative users that take centre stage when there is something

potentially critical to discuss

¢ In accordance with this, the modularisation of the network is significantly lower in
the after network. This means that the network is less segregated in sub-
communities and it is more centralised into one big discussion. However, on an
absolute scale the values of modularity before and after are low (less than 0.25)

meaning that in general the networks of online investors show little segregation.

e The graph density is not significantly changed, even if it is higher in the after
networks, while the Gini index of the distribution of messages per user is not
significantly different but it is lower in the after network. We remind how the Gini
index measures the inequality of a distribution, and a low Gini value is an index of
a more uniform and “democratic” distribution. Therefore, there is a tendency in
the after network to host a more democratic discussion where more users have the

possibility to interact.

When the period of observation increases, (d=5 or d=20 days), this effect fades quickly. 5
days networks the number of nodes, the centralisation and in-betweennes are still
significantly higher in the after network, meaning that the discussions after an event are
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still bigger and more centralised after 1 week. In the 20 days network there is no statistical
difference, meaning that after 1 month from the event online discussions do not differ
significantly. The highest t-value is represented by the Gini index, lower in the after
network, suggesting again how discussions after an event have a tendency to be more

democratic.

5.1.8 EXPERIMENT 2: MARKET REACTIONS TO GEOPOLITICAL EVENTS

In this experiment we test if the price of the seven military stocks after a geopolitical event
differs significantly from the price before the event. Moreover, we also compare the price
change of the military stocks with the S&P 500 index, in order to understand if the
military stock behaves in a different way than the overall market trend, and to what extent
the military stocks under-performs or outperforms the market benchmark.

We follow a similar methodology as experiment 1. We consider the price change (i.e. the
gain) of each stock 5 days and 1 day before the event and we compare it with the gain
after the event using a paired t-test. Using our notation, we check the statistical difference

between the gain Ge‘il(x) and G;”il(x) for all the stocks x and event e; ; and the same for
Gs.°(x) and GJ°(x). We therefore include all the stocks in the comparison without

performing different experiments for different stocks. In this way we check if the set of
military stocks are overall changing their price in reaction to geopolitical events. Table 13
shows the results of the price comparisons. Table 14 shows the same experiment with the
S&P 500 prices, to check how the S&P 500 is also reacting to geopolitical events.

In the last part of the experiment | examine if the price change of the military stocks
differs significantly from the S&P 500 price change. The comparison is valid since, even
if all the seven military stocks are part of the S&P 500 index, their total capitalisation is
about 2% of the index capitalisation, and therefore they are too small to manipulate the
price. In order to do a meaningful comparison with the S&P 500 index, we compute an
aggregated index for our seven stocks in the same way the S&P 500 is computed. In fact,
the S&P 500 is a weighted average of each stock value based on the capitalisation of each
stock. We followed the same approach. The price changes of each military stock are

weighted by the capitalisation of the stock relative to the total capitalisation of all the
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seven stocks. In table 6, the column Capitalisation reports the percentage of each stock

over the total. For instance, HON represents almost 25% of the total capitalisation of the

seven military stocks. Finally, Table 15 shows the comparison between the S&P 500

index and our military stocks index 1 and 5 days after an event. G+ is used to refer to

the gain of our military stocks index after d days from the event.

Indicators Mean Difference % t-value Significance

n
G lvs.G*! 0.25% 0.002158 1.17 = (+ with ¢l=0.85)
G Svs.G*> 1.18% 0.005196 2.27 ++

Table 13 Comparisons between military stocks price before and after a geopolitical event

Indicators Mean Difference % t-value Significance
n

G;plvs. G;g,l 0.089% 0.003158 0.281 =

G_;va. G;;‘ 0.69% 0.0044 1.53 +

Table 14 Comparisons between S&P 500 price before and after a geopolitical event

Indicators Mean Difference % t- Significance
" value
Gtlvs. G;;} 0.042% 0.001609 | 0.281 =
(avg G,+1=0.075% avg
G,'=0.033%)
Grivs. Gy 0.38% 0.00303 | 1.254 | = (+ with
cl=0.85)
(avg G3=2.15%, avg
G =1.77%)

Table 15 Comparisons between military stock prices v S&P 500 index prices before and
after a geopolitical event.
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5.1.9 EXPERIMENT 2: ANALYSIS OF RESULTS

Table 13 confirms that, one week after the geopolitical event, the price of military stocks
is higher than the price before the event (confidence level 0.99). However, this effect is
much smaller after one day immediately after the event, where the price is still higher but

a t-value of 1.17 guarantees statistical significance only for a confidence level of 0.85.

The though process then shifted to if this increase is specific to military stocks or it also
affects the market, represented by the S&P 500 index. Table 14 shows that actually the
entire market increased after one week from an event, even if with smaller confidence
level (confidence level=0.9, t-value=1.53), while there is no statistical difference for the

price after 1 day from the event.

Finally, given that both the market and the military stocks significantly increased their
value after an event, an examination took place to ascertain if there is a statistical
difference between the increase of the seven military stocks and the increase of S&P 500.
Table 15 shows how there is no statistical difference 1 day after the event, while there is a
low statistical difference in favour of the military stocks one week after the event
(confidence level = 0.85, t-value=1.25).

We conclude how both military stocks and the market index significantly increase one
week after geopolitical events, and there is a low tendency of military stocks to

outperform the market during that week.

5.1.10 EXPERIMENT 3: PREDICTING STOCK PRICE MOVEMENTS AFTER GEOPOLITICAL

EVENTS

In this experiment we investigate if it is possible to predict the price of a military stock
one week after a geopolitical event based on a set of features including SNA metrics,

historical prices and S&P 500 index prices.

The set of features includes the SNA metrics of the before networks at 2, 5 and 20 days,
plus the SNA metrics of network the day of the event. Regarding historical prices, we
include the price of 1 week before the event, the price of the day before the event and the
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closing price of the day of the event. We also include the same historical prices for the
S&P 500.

Using a J48 decision tree algorithm, our goal is to predict G *°, i.e. the future movement of
the price of a stock after 5 days form the event. We model the prediction problem as a
binary classification problem, meaning that we aim to predict if the value of G*> will be
above or below a certain threshold th. Even if the most obvious choice is th = 0, we
actually chose the value th = 0.01, that means that we aim to predict if the price of the
stock will rise above 1% in the next following days. The reasons why we have set this

threshold are the following.

First, there is a reason linked to our dataset. Our dataset covers a period of time from 2011
to 2014, a period where the US stock market was mainly bullish with a steady positive
trend. In our dataset 86.4% of cases the stock price increased a week after an event.
Therefore, by using a threshold of 0 the two classes to be predicted would be too

unbalanced.

On the other side, the median value of the weekly stock price change in our dataset is
equal to 1.21%. Therefore, by setting a threshold at 1%, (quite close to the median value),
our dataset includes about 62% of positive case and 38% of negative ones.

Moreover, there is a technical trading consideration. Predicting if the price will rise or
decrease is not enough for sustaining a profitable trading strategy after commission costs
are considered. A gain of 1% is regarded as a solid psychological threshold for a

successful weekly trading strategy.

The following table describes the list of features used in our classifier. Note how features
are divided into market-based (mainly historical prices of stocks and S&P 500 index) and
SNA-based features.
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Feature

Description

In all the features, the apex d represent the time interval and it takes the values -10, -5,

-1and 1.
N&(N) Number of nodes in the networks, equal to the number of
users active on the network
E4(N) Number of edges of the networks, equal to the number of
users cited
D(N) Density of the network N
CYN) Freeman’s centralisation of the network N
Btw4(N) Average in-betweeness centrality of the network N
Mod%(N) Newmann’s modularity of the network N
Gini%(N) The Gini index of the distribution of the number of
messages posted on the network. Note how this indicator
is not strictly speaking an SNA indicator
Dia%(N) Diameter of the network N

S

Stock considered, belonging to the set {UTX, HON, NOC,
ATK, LLL, LMT, RNT}

-10 -5 -1 0
Gsp ’ Gsp ’ Gsp ’ Gsp

Return of the S&P 500 index 10, 5 and 1 days before the
event and the day of the event

-10 =5 ~-1 0
Gs G, Gg ) G

Return of the stock S 10, 5 and 1 days before the event
and the day of the event

GF> > th =0.01

Binary class to be predicted

Table 16 List of Features used

Considering that each feature is considered with a time interval of 10, 5, and 1 day before

the event and 1 day after, there are 41 features and 1 predictive class to be considered. All

of them are numeric, except the feature stick that is nominal.

66




The database contains 462 elements, and it has been divided into training and a testing set
with a 70/30 split. Using the open source software Weka, we trained three different J48
decision tree model with a pruning factor of 0.02 (results are not changing significantly for
other choices of the factor). The first model (called M;; has been trained using all the
features, the second model, called M., has been trained using market-related features
(stock and index historical prices) and the third model (Msy,4) has been trained using
SNA-related features.

The following figures describe the results for the three classifiers. The key metrics used to
compare the models are based on the analysis of the confusion matrix, such as precision,
recall, F-measure. Although trials were performed for each model, the performance of the
models did not show high variance and therefore the data presented are good
representative of a typical performance for each model.

=== Summary ===

Number of Leaves : 13

Size of the tree : 20

Correctly Classified Instances 120 83.5052 %
Incorrectly Classified Instances 24 16.4948 %
Kappa statistic 0.6468

Mean absolute error 0.1755

Root mean squared error 0.3797

Relative absolute error 37.1309 %

Root relative squared error 78.1412 %

Total Number of Instances 144

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure ROC Area
Class

0.757 0.117 0.8 0.757 0.778 0.861 0

0.883 0.243 0.855 0.883 0.869 0.861 1
Weighted Avg. 0.835 0.195 0.834 0.835 0.834 0.861

=== Confusion Matrix ===

a b <-- classified as
42 12 | a=2>0
11 78 | b=1

Figure 10 Typical performance of the M,; model.
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=== Summary ===
Number of Leaves : 8
Size of the tree : 15

Correctly Classified Instances 119 82.4742 %
Incorrectly Classified Instances 25 17.5258 %
Kappa statistic 0.6267
Mean absolute error 0.1954
Root mean squared error 0.4008
Relative absolute error 41.3502 %
Root relative squared error 82.4754 %
Total Number of Instances 144
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure ROC Area
Class
0.757 0.133 0.778 0.757 0.767 0.827 0
0.867 0.243 0.852 0.867 0.86 0.827 1
Weighted Avg. 0.825 0.201 0.824 0.825 0.824 0.827
=== Confusion Matrix ===
a b <-- classified as
41 131 a=20
11 78 | b =1
Figure 11 Typical performance of the M. price model.
=== Summary ===
Number of Leaves : 19
Size of the tree : 32
Correctly Classified Instances 93 64.5833 %
Incorrectly Classified Instances 51 35.4166 %
Kappa statistic 0.2415
Mean absolute error 0.3531
Root mean squared error 0.5444
Relative absolute error 74.7013 %
Root relative squared error 112.0202 %
Total Number of Instances 144
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure ROC Area
Class
0.486 0.25 0.545 0.486 0.514 0.68 0
0.75 0.514 0.703 0.75 0.726 0.68 1
Weighted Avg. 0.649 0.413 0.643 0.649 0.645 0.68

=== Confusion Matrix ===

a b <-- classified as
28 26 | a =20
21 68 | b=1

Figure 12 Typical performance of the Mgy, model.
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Model Correct Precision Recall F-Measure
predictions
My, 120/144 0.834 0.835 0.834
Mprice 119/144 0.824 0.825 0.827
Msya 93/144 0.643 0.649 0.645

Table 17 Summary of Precision, Recall and F measure results

5.1.11 EXPERIMENT 3: ANALYSIS OF RESULTS

There is a clear distinction among the two models that includes market-related features
Mgy and M. and the Mgy, model. The My, and the M. model has high and
very similar performance, with an accuracy of about 82%-83%. In general, this represents
an extremely high value considering the fact that stock market prices forecast is a hard
task and there is a strong consensus in literature that stock market prices behave like
random walks and therefore cannot be predicted. However, in period of sustained market
trend (such as 2011-2014), similar numbers have been reported in literature. For instance,
Bollen (2010) studied the predictive capability of Twitter discussions and he reported an
accuracy of 83.3% in predicting the closing price of the S&P 500 index in October 2010.
However, the main result of our analysis is not the absolute level of accuracy of the
predictors, but the fact that the addition of SNA metrics to the feature set did not add any
value. M,,;; and the M,,.;.. have comparable performance, meaning that a classifier based
on historical prices only has the same predictive capabilities of a classifier based on
historical prices and SNA metrics. Moreover, the Mgy, model, only based on SNA
metrics, has an accuracy of around 65%, underperforming the other two classifiers by
about 18%. Moreover, an accuracy of 65% is still significantly higher than a naive zero-
rule classifier (62% positive case, 38% negative case).

Therefore, it can be concluded that online communities’ metrics has little or no predictive

value in helping predicting the future price of stocks.

69




5.1.12 CONCLUSIONS

In this chapter we have presented a set of experiments to analyse how online financial
communities and the market react to geopolitical events related to conflicts, war and

political instability.

Our experiment on online communities of investors showed how the dynamics of such
communities do change in the 2 days immediately after a geopolitical crisis. The
discussions are bigger, more intense, centralised and they gravitate around a few group of
individuals that appear to be authoritative users leading the discussion and connecting the
remaining actors in the networks. This effect fades rapidly one week from the event and it

disappears after 1 month.

Our price analysis revealed how military stocks significantly increase their price one week
after a geo-political event. However, the market itself, represented by the S&P 500 index,
also increased its price significantly. Both of the effects are present 1 week after the event,
while they are present with a smaller effect 1 day after. The comparison between the S&P
500 and seven military stocks considered shows how military stocks outperformed the

market, but the gap is significant only with a confidence level of 0.85%.

Finally, experiment 3 showed how SNA metrics before and during a geo-political event do
not add predictive value to the task of predicting future price movements 1 week after an
event. A classifier based only on historical prices outperformed a classifier based on SNA
metrics by 18%, while a classifier obtained by merging historical prices and SNA metrics

exhibited similar performance to the price-based classifier.
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CHAPTER 6

6 CONCLUSION
This chapter will look to summarise the findings of the experiments in an attempt to

answer the research questions.

6.1 RESEARCH DEFINITION AND RESEARCH OVERVIEW

As described in the outset of this thesis the research question is concerned with the
following questions and is broken down into the following subsections.
6.1.1 HOw DO ONLINE FINANCIAL COMMUNITIES REACT TO MILITARY AND TERRORIST

GEOPOLITICAL EVENTS

The frequency range examined was a period of 2, 5 and 20 days. The SNA metrics taken
into consideration were nodes, edges, density, centrality, betweenness, modularity, Gini
index and diameter. The results established that after a period of two days the SNA
metrics are considerably higher. In most cases geopolitical events generate an intensified
communication, with an increase number of actors within the online community and a

more centralised network.

6.1.2 HOW DOES THE STOCK MARKET REACT TO MILITARY AND TERRORIST GEOPOLITICAL

EVENTS

The aim of the test was to establish if the stock price of the seven US military stocks after
geopolitical events differs significantly from the price before the events. The results
established that after one week of geopolitical events, the price of military stocks is higher
than the price before the event using a confidence level of 0.99%.

6.1.3 CAN MILITARY STOCK PRICES BE PREDICTED AFTER A MILITARY OR TERRORIST

GEOPOLITICAL EVENT

The objective was to establish if it was possible to predict the price of military stocks one
week after a geopolitical event based on a set of features including SNA metrics, historical
prices and S&P 500 index prices. The evidence concluded that online community’s

metrics has little or no predictive value in helping predicting the future price of stocks.
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6.2 LIMITATIONS

There was a huge data set collected for this thesis. This included the Somali Pirate crises,
French intervention in Mali, the Iraq 2003 war, the Iran nuclear crisis and North Korean
nuclear crises. The collected data also included the news for each day per stock in
conjunction with a news sentiment rating. Further work identified where various military
stocks were linked to associated military stocks on the same Bloomberg stock news page.
It was deducted that recent military operations in the Middle East and Eastern Europe
would serve as a foundation for these experiments as these geopolitical events are quite

recent and familiar to the general population.

6.3 FUTURE WORK AND RESEARCH

There are many research question open for future work such as from a real-time
perspective can an investment bank influence a single actor or a cluster of actors on the
network in terms of spreading good sentiment to boost single military stock activity, or in
the opposite case decrease military stock activity? Is it possible to identify an actor or
influencer on the network that is profitable to the Investment Bank? Is it possible to
uncover hidden networks that have hidden agenda’s to influence stock market prices?
What influence the collected sentiment has on the stock prices, geopolitical events and the
S&P 500. Future research could also use text mining with predictive mining for

geopolitical events.
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