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Abstract

Predicting stock market movements has always been a hot topic in the financial field.

Traditional stock price prediction methods and modern machine-learning techniques

have made much progress. However, the high complexity, nonlinearity, and many ex-

ternal factors of the stock market make stock price prediction a challenging problem.

This project bypasses the complex analysis of technical indicators and various influ-

encing factors but analyses the associations between famous investors through network

analysis. This project aims to determine whether any early signs of financial shocks

can be spotted based on network signals and whether we can build an effective portfo-

lio based on the portfolios of famous investors. This project applies network science

to build a famous investors’ network and conducts standard network analysis to study

the correlation between the portfolios of famous investors.

This project extracts famous investors’ portfolio data for 64 quarters from the web-

site www.dataroma.com to build an investor network in which nodes (vertexes) are in-

vestors, links (edges or connections) between two nodes mean they invest in the same

stock, and ABC (associations beyond chance) value is set as the weight (strength) of

the link. ABC represents the likelihood of two investors holding the same stocks be-

yond what is expected by chance. This project analyses the evolution of nodes, links,

average weight, and weighted clustering coefficient of the networks. NPSBM (non-

parametric stochastic block models), a family of Bayesian algorithms is used to do

community detection analysis.
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Chapter 1

Introduction

1.1 Motivation

Accurate stock market prediction can help investors make proper decisions and make

significant profits. Stock market prediction is, therefore, always an attractive field for

investors, industrialists, and academics. Both traditional financial analysis and more

recent data-driven techniques have made a lot of progress, such as Technical Analysis,

Fundamental Analysis, Quantitative Analysis, Machine Learning and Artificial Intelli-

gence, Sentiment Analysis, Time Series Analysis, Macroeconomic Indicators, News-

based Analysis and Event-driven Strategies. They mainly focus on analysing historical

trading data or external factors affecting stock prices. They are roughly divided into

two categories: prediction-based techniques and clustering-based techniques[4]. How-

ever, due to the high complexity, nonlinearity, and many factors affecting stock prices,

including traders’ expectations, financial conditions, administrative events, and market

trends, especially some irrational factors, stock market prediction is a very complex

and challenging task.

This project bypasses the complex analysis of technical indicators and various in-

fluencing factors and studies this task from network science. It aims to determine

whether network signals can identify early signs of financial shocks and whether fa-

mous investors’ portfolios can be adapted to build a successful portfolio. Network

science was invented before the term data science was introduced, starting with mathe-

matics. Nowadays, it is an important interdisciplinary academic field, and it is applied

to various fields, including social media, banking, finance, international trade, fraud

detection, counterterrorism, biology, and so on. Network Analysis focuses on study-

ing patterns of connection in a wide range of physical and social phenomena[5]. The

1



Chapter 1. Introduction 2

focal point is the interaction and connection between the elements in the network. Net-

work analysis can help us find the associations between investors, namely the factors

that influence them to make the same decision.

This is a new perspective. Famous investors have already considered many influ-

encing factors and applied a series of stock market prediction methods when making

investment decisions, which, to some extent, has guaranteed a relatively high success

probability. Applying network analysis to find the internal connection of their deci-

sions and get valuable investment portfolios is equivalent to analysing only a small

amount of data but considering all the factors that influence the stock market. It pro-

vides valuable insights into the investment strategies of famous investors and their

potential impact on the stock market.

1.2 Objectives and Hypotheses

This project aims to determine whether network signals can identify early signs of

financial shocks and whether famous investors’ portfolios can be adapted to build a

successful portfolio by analysing the associations between famous investors in the net-

work. The associations beyond chance (ABC) model is applied to calculate the likeli-

hood that two investors will invest in the same stock, and non-parametric SBM is used

to detect non-trivial communities of investors.

This project thinks that famous investors in the market are rational and make value

investments based on professional analysis. Their opinion on a certain stock will im-

pact the stock price. However, the stock market itself is a complex network, and there

are also many irrational investors in it. They trade based on market news or price fluc-

tuations. The influence of these irrational factors cannot be eliminated. Therefore, the

stock market is notoriously difficult to predict, and past performance does not always

indicate future results. It is essential to approach this project with a healthy dose of

scepticism and caution.

1.3 Dissertation Structure

This paper includes five chapters:

1. Introduction: This section introduced the motivation, objectives, and hypothesis

of the project.



Chapter 1. Introduction 3

2. Background and Related Work: This section presented the research and technical

background of the project. The purpose of this section is to provide readers with a

better understanding of the project and its work.

3. Design and Implementation: This section explained the methodology and steps

for implementing the project.

4. Results and Evaluation: This section analysed and verified the running results and

discussed the meaning behind the results

5. Conclusion and Future Works: This section summarized the final project analysis

results and what further work needs to be done in the future



Chapter 2

Background and Related Work

2.1 Network Analysis

2.1.1 Overview

Network analysis is also known as network theory or network science, a field of study

involving complex network analysis. It is a method of studying the structure of a net-

work, the relationship between nodes, and the evolution of the network. It encompasses

a range of techniques and methods used to study networks’ structure, dynamics, and

behaviour, which can be social, biological, technological, or physical. It focuses on the

interactions between elements in the network[1]. A network is typically represented as

a graph consisting of nodes (vertices) and links (edges or connections) which connect

nodes. By analysing the graph’s topology, such as the degree distribution, clustering

coefficient, and centrality measures, network analysts can gain insights into the under-

lying structure of the network and its properties, such as robustness, resilience, and

vulnerability[2]. Network analysis has applications in various fields, including soci-

ology, computer science, biology, economics, and transportation. It is used to model

social networks, analyse the spread of infectious diseases, study the structure of the

internet, and understand the behaviour of financial markets, among other things[1].

2.1.2 Key Concepts and Techniques

Key concepts and techniques for network analysis include:

1. Nodes and links: The basic building blocks of a network. For example, in this

project, nodes are investors, and links between investors mean they invest in the

4



Chapter 2. Background and Related Work 5

same stock[8].

2. Degree: indicates the number of connections of a node. In a directed network, de-

grees can be divided into incoming and outgoing degrees. Degree analysis provides

us with an initial understanding of the activity or importance of each node in the

network[8].

3. Clustering Coefficient: The probability that an edge exists among neighbours of

a node. The clustering Coefficient measures the local clustering characteristics or

tightness of nodes in a network. Specifically, it measures how connected or tight a

node’s neighbours are to each other[8].

4. Centrality: This is a set of metrics that measure the importance of a node in a

network. Common centrality indexes include degree centrality, closeness centrality

and betweenness centrality. Degree centrality measures a node’s direct connectiv-

ity. Closeness centrality measures a node’s average ”distance” from other nodes

in the network. Betweenness centrality measures a node’s role as a ”bridge” or

”intermediary” in the network[8].

5. Community Structure: In a network, certain nodes may be more closely linked

together to form a community. Community detection methods attempt to identify

these tightly connected groups of nodes. In some networks, such as biological

networks or social networks, structure may be closely related to actual function

or behaviour. For example, in a protein interaction network, a community may

represent a functionally related protein group; In a social network, a community

may represent a group of people with common interests or backgrounds[8].

6. Scale-free Property: Some nodes in the network (called centres or hubs) have

many connections, while most nodes have only a few connections. The degree dis-

tribution follows a power law. Identifying hubs can help a researcher or decision-

maker identify a network’s most important or influential elements to develop strate-

gies or conduct further research[8].

7. Network dynamics: The study of the evolution of networks over time or the pro-

cesses that occur on them, such as the diffusion of information or the spread of

disease[8].
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2.1.3 Community Detection

Community detection is a process of identifying densely connected groups or commu-

nities of nodes in a network. A community is a group of nodes that are more closely

connected to one another than to other nodes. By detecting communities in a network,

we can gain valuable insight into the function and organisation of the system being

studied because the network’s modular structure can be understood[7, 14]. Community

detection, or graph clustering, partitions graph vertices into more densely connected

clusters. From a more general point of view, community structures may also refer to

groups of vertices that connect similarly to the rest of the graphs without necessarily

having a higher inner density, such as disassortative communities with higher external

connectivity [9]. Community detection may also be performed on graphs where edges

have labels or intensities. If these labels represent similarities among data points, the

problem may be called data clustering or communities[3].

Based on purpose and application, community detection can be broadly divided

into two categories:

Descriptive Methods: The core goal of descriptive community detection methods is

to identify and describe patterns of community structure in the network rather than

explain how these patterns are formed. These methods mainly rely on finding and

identifying patterns in the network without considering the generation mechanism be-

hind these patterns[12].

Inferential Methods: The primary purpose is to understand the network structure

by inferring the underlying generative mechanisms. These methods are often based

on statistical models, such as random graph models or Bayesian methods. An infer-

ential approach would try to understand which structures will most likely generate

the observed network data. The results are often probabilistic inferences about possi-

ble community structures or generative mechanisms. This means that the results not

only give a community partition but also give an estimate of the uncertainty of this

partition[12].

In short, descriptive approaches focus primarily on finding significant community

structures in the network, while inferential methods seek to understand the underlying

mechanisms that generate these structures. In this project, our focus is the associations

between famous investors, which is the mechanism that produces communities. There-

fore, an inferential method – non-parametric stochastic block model will be used for

community detection, a Bayesian algorithm family[12].
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2.1.4 Non-parametric SBM

The stochastic block model (SBM) is the simplest generative process based on the

notion of groups of nodes. The basic (or traditional) version takes the microcanonical

formulation as parameters, based on a partition of N nodes into B groups, given by the

vector b with entries bi∈{1, ...B} specifying the group membership of node i and B×B

matrix of edge count e, where ers is the number of edges between groups r and s. Based

on these constraints, the edges are then randomly placed. As a result, nodes in the same

group have the same probability of being connected with other network nodes and tend

to have very similar degrees. This is a poor model for most empirical networks, which

possess highly heterogeneous degree distributions. To solve this problem, an enhanced

model degree-corrected SBM emerged, and it added the degree sequence k = {ki} of

the graph as an additional parameter.

The above model requires the number of groups B to be known in advance. Instead,

we wish to formulate a nonparametric framework where the number of groups, as

well as any other model parameter, is determined from the data itself. That is Non-
parametric SBM which inferred the parameters of the model from the data by non-
parametric statistical inference: we define a model that generates a network A with

a probability P(A|θ,b), where θ are additional model parameters(such as e,k in SBM)

that control how the node partition affects the structure of the network. Therefore, if

we observe a network A, the likelihood that it was generated by a given partition b is

obtained via the Bayesian posterior probability:

P(b|A) = ∑θ P(A|θ,b)P(θ,b)
P(A) (1)

where P(θ,b) is the prior probability of the model parameters, and

P(A) = ∑θ,b P(A|θ,b)P(θ,b) (2)

is called the evidence and corresponds to the total probability of the data summed

over all model parameters. The particular types of model that will be considered here

have “hard constraints”, such that there is only one choice for the remaining parameters

that is compatible with the generated network, which means Eq. (1) simplifies to

P(b|A) = P(A|θ,b)P(θ,b)
P(A) (3)

with θ above being the only choice compatible with A and b. The inference pro-

cedures considered here will consist in either finding a network partition that maxi-

mizes Eq. (3), or sampling different partitions according to its posterior probability

[9, 6, 10, 11].



Chapter 2. Background and Related Work 8

2.2 Associations beyond Chance

Based on[13], this project introduces the concept of ABC (associations beyond chance)

to indicate the possibility of two investors investing in the same stock and will set

ABC as the weight of the edges in the network of investors. ABC is a metric used to

determine the strength of association in a 2x2 contingency table. It provides a measure

to understand if the observed associations (or co-occurrences) in the table significantly

differ from what one would expect by chance alone.

Here is the calculation formula:

ABC = [n11−(n10+n11)(n01+n11)](1−n10−n11)(1−n01−n11)/n01n10n00

where n11, n10, n01, n00 are the cells of the contingency table.

• n11 refers to the number of occurrences where both events A and B occur.

• n10 refers to the number of occurrences where event A occurs but B doesn’t.

• n01 refers to the number of occurrences where event B occurs but A doesn’t.

• n00 refers to the number of occurrences where neither event A nor B occurs.

or analogously with

ABC = (P12−P1 ∗P2) ∗ (1−P1) ∗ (1−P2)/(P1−P12)/(P2−P12)/(1−P1−
P2+P12)

where P12, P1, P2 are the joint and marginal probabilities.

• P12 is the joint probability of A and B occurring together.

• P1 is the probability of A occurring (irrespective of B).

• P2 is the probability of B occurring (irrespective of A).

The ABC ranges from -1 to potential infinity, where -1 implies mutual exclusion

(perfect negative correlation), infinity indicates perfect correlation, and zero indicates

independence (no correlation).

This project will use the second formula to calculate ABC. And,

• N = Total number of stocks in a dataset for building a network

• P1 = Number of stocks invested by Investor 1 / N

• P2 = Number of stocks invested by Investor 2 / N

• P12 = Number of stocks invested by Investor 1 and Investor 2 / N

This project will focus on combinations/communities that have strong associations



Chapter 3

Design and Implementation

3.1 Environment

1. Data Resource: This project extracts famous investors’ portfolio data from

https://www.dataroma.com/m/home.php, which is a website that tracks top hedge

fund managers in the United States and changes in their portfolios. Dataroma fo-

cuses on investments in U.S.-listed stocks by these top investors. We can view

these top fund managers’ latest and past stock holdings and position movements on

Dataroma.

2. Python Environment: This project uses Python 3.10.12 for programming and uses

Colab (Google Colaboratory) as the IDE platform, which is a cloud service pro-

vided by Google that allows users to write and execute Python code in a browser,

especially code for machine learning and data analysis. The data comes from a

public website, so there is no data security issue for working on the cloud platform.

3. Library for Network Analysis: This project uses Graph-tool for network analysis

and other libraries for calculation, exporting and analysis. Graph-tool is a power-

ful Python module for handling and counting complex networks. It is written in

C++ and provides its functionality through the Python interface, which means it is

performance-efficient while maintaining Python’s ease of use.

4. Install Graph-tool: Installing Graph-tool on Colab is simple and quick, but be-

cause it’s a cloud platform, it can’t keep the environment configuration. I need to

reinstall graph-toll every time I reconnect to the cloud platform. Here is the install

command:

9
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3.2 Design

1. Build Network: This project will build a single-layer, undirected, weighted in-

vestors network based on the website’s famous investors’ portfolio data. Investors

are network nodes; edges will be added between two investors if they invested in

the same stock, and the ABC value of two investors is the weight of an edge. The

calculation formula of ABC refers to section 2.2.

2. Evolution Analysis: This project will analyse the evolution of nodes, links, av-

erage weight and average weighted cluster coefficient, as well as the evolution of

communities. These evolution analyses try to find relationships between changes in

investor networks and market trends.

3. Centrality Analysis: This project attempts to find critical investors in the network

through centrality analysis, mainly focusing on betweenness centrality and close-

ness centrality. Investors with high betweenness centrality are likely to act as a

”bridge” between multiple investment groups or strategies, which means that these

investors may have diversified investment strategies and connections to various in-

vestment groups. Their investment choices may reflect market trends and infor-

mation across multiple investment groups. Investors with high closeness centrality

may have some connection or similarity to most other investors, which means that

these investors may have a good understanding of the overall market trend. The

strategies and choices of these investors may represent the prevailing views and

strategies of the market. Degree centrality will not be analysed because investors

with a high degree can be institutions with high market influence or followers.

4. Community Analysis: This project will find investor communities with similar

investment strategies through community detection, analyse the industries’ distri-

bution in the community, and judge whether an effective investment portfolio can
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be obtained based on the common selection of investors in the community. On the

other hand, this project will analyse the changes in investor communities before

and after the financial shock to evaluate whether it can predict the occurrence of an

economic shock through the changes in the investor communities.

This project will use Non-parametric SBM to detect communities in the network. In

this project, ABC value indicates the likelihood of two investors holding the same

stocks beyond what is expected by chance. When applying non-parametric SBM,

weights (ABC value) will be treated as covariates.

3.3 Implementation

3.3.1 Data Extraction

This project extracted two kinds of data from the website through a crawler program.

1. Investors’ portfolio data The website has 77 investors’ portfolio data for the 67

quarters from the fourth quarter of 2006 to the second quarter of 2023. 77 is the

total number of investors, but only some quarters’s data includes all investors. They

were crawled to a Portfolios.xlsx file and then split into 67 Excel files for 67 quarters

(file name is the quarter of the data, such as 2007 Q1.xlsx) under the folder MScX.

Dataset of Networks: The final task is to generate quarterly data for creating the

network. Based on these 67 Excel files, 67 CSV files were generated (in the folder

”MScC”) with the same name as the Excel files to create the network. The format

is shown in Figure 3.1.

Figure 3.1: CSV file for building Network

Each row in Figure 3.1 means an edge in the network.

Columns Investor1 and Investor2 are the names of the two investors that are con-

nected.

Columns Num1 and Num2 represent the two investors’ index number, which is

used as the node’s name to solve the problem that the investor’s name is too long to

display in the network graph. Except for being used as the node’s name, the index
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number is also used to control the size of a node. The higher the portfolio’s value

of an investor, the larger the investor’s index number, and then the larger the size of

its node in the network. It can help us to analyse the distribution of super investors

in each community. To do this, we extracted a list of investors and numbered them

according to the value of their portfolio in ascending order (refer to Figure 3.2).

Column number of same stocks is the number of the same stocks that the two

investors invest in.

Figure 3.2: Index of Investors

Summary table: A summary table was generated while processing quarterly data,

which would help us understand the overall situation of the quarterly data and help

us decide how to do data screening (refer to Figure 3.3).

Figure 3.3: Summary Table

2. Stocks Industry Information

The table of stock industry information was exported to analyse the industry dis-

tribution of the stocks in a community. There are 1500 stocks that were exported

to the Stocks.xlsx file (please refer to Figure 3.4). Column Sector represents the

industry to which the stock belongs.

Figure 3.4: Industry Information of Stocks
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3.3.2 Data Screening and Processing

To reduce the complexity of the networks and remove noise, I conducted the following

data screening:

1. Data Range: This project only focused on the full 16 years (64 quarters) of data

from 2007 to 2022 (did not consider the data of 2006 Q4 and 2023 Q1 & Q2).

2. Remove Single Investors: It can be seen that there are 13 quarters of data (refer to

Figure 3.5) that include a single investor whose degree is 0 in the network based on

the summary table. A node with zero degree has no relationship with other nodes,

which is useless for analysing the associations between investors. So, they were

removed from the network.

Figure 3.5: Summary - sorted by Number of Single Investors

3. Set negative Weight to 0: The weight of an edge is ABC value in this project.

As the background section explains, ABC indicates the possibility of two investors

investing in the same stock. A negative ABC value means a negative correlation,

which is not what this project is concerned about. This project focuses only on

positive correlation, so all negative ABC values were set to 0.

3.3.3 Evolution Analysis

This project generated 64-quarter evolution graphs of 6 standard indicators of network

analysis, including nodes, links, number of stocks, average degree, average weight
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and average weighted cluster coefficient, which would help us analyse the impact of

financial shocks on the investor network from a macro perspective.

3.3.4 Centrality Analysis

This project calculated weighted centralities of betweenness and closeness, got their

top ten lists of centralities and then compared the two lists to get the common investors

in the two lists through the VeNN (Vector-Enhanced Nearest Neighbor) graph. These

common investors are the key investors in the network. They have diversified invest-

ment strategies and a good understanding of overall market trends.

3.3.5 Community Analysis

1. Function Selection

This project uses Graph-tool to conduct community detection. There are two func-

tions minimize blockmodel dl() and minimize nested blockmodel dl() in Graph-

tool that can be used to detect communities. The nested function has advantages in

detecting large networks and can show hierarchical structure, but it needs more

running time. The networks built in this project are all single-layer, undirected, and

weighted networks, and the number of nodes in the networks is small (less than

100). Therefore, the first non-nested function is enough. However, compared with

the first function, the image detected by the nested function is more intuitive (refer

to Figure 3.6; the left is detected by the nested function and the right is detected

by the non-nested function). Due to the small amount of data, I do not need to

consider performance and running time, so this project adopts the nested function

minimize nested blockmodel dl().

Figure 3.6: Graph of Communities for 2019 Q2

2. Model Selection
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As the background section explains, most empirical networks are better fitted by

degree-corrected models, but there are still some exceptions [graph-tool]. In this

project, we compared the data length of the degree-corrected model and the normal

model for Q4 from 2007 to 2022 and found that the degree-corrected model fitted

the networks better most of the time. We ran the comparison program about five

times and found that the degree-corrected model was better than normal each time,

especially in the networks with a relatively large number of nodes (networks after

2016). So, a degree-corrected model will be used in this project. Figure 3.7 shows

the result of one comparison.

Figure 3.7: Comparison between degree-corrected and normal model

3. Refinements

As described in Graph-tool documentation, we can perform extra MCMC sweeps to

improve the detection result. However, we tested this operation and found that this

operation took a long time. Considering that the functions minimize blockmodel dl()
and minimize nested blockmodel dl() have employed an agglomerative multilevel

Markov chain Monte Carlo (MCMC) algorithm [2014] and the network of investors

is a small network with less than 100 nodes, we did not conduct this optimisation

algorithm in this project.



Chapter 4

Results and Discussion

4.1 Evolution Analysis

4.1.1 Nodes, Links, and Average Degree

Note: The number of stocks data is got from the summary table (Figure 3.3).

Figure 4.1: Nodes, Links, Density and Average Degree

From Figure 4.1, it can be seen that before the outbreak of COVID-19 in 2020,

the economy was in a rising stage, the number of investors in the network continued

to increase, and the co-investment behaviour among them was also increasing. After

the outbreak of COVID-19, the economy stagnated, no new investors joined, and the

investment behaviour (links) did not change significantly. The number of nodes (or

investors) and the number of stocks keep a similar growth curve, indicating that each

investor’s average number of stocks is stable.

16
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4.1.2 Average Weight

Figure 4.2: Average Weight

From Figure 4.2, the average weight increased significantly in 2020 when COVID-

19 appeared, which means that investors are more likely to co-invest in a particular

stock. The pandemic has led to dramatic changes in global economic and market condi-

tions, and specific industries and companies (e.g., medical, technology, telecommuting-

related companies) may be getting a lot of attention. Investors may generally view

these sectors or companies as having better growth prospects, leading to large inflows,

which explains the rise in weighted averages - that is, more investors are choosing the

same or similar investments.

4.1.3 Weighted Cluster Coefficient

Figure 4.3: Weighted Cluster Coefficient

From Figure 4.3, the weighted clustering coefficient increased significantly in 2009,

which means that there were more similar investment strategies or investment be-
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haviours among these investors. This is just after the 2008 financial crisis, which

shows that investors’ investment choices converge when financial shocks occur.

Analysis of average weight and weighted clustering coefficient is very interesting.

The financial crisis in 2008 led to an increase in the weighted clustering coefficient,

while the pandemic led to an increase in the average weight. Both the financial crisis

and the COVID-19 pandemic are big shocks to the global economy, but their impact

on investor behaviour is likely to be unique. After the financial crisis, investors may

be more inclined to pursue safety, resulting in homogenisation of behaviour. While

the pandemic may have led to a general interest in certain sectors or companies with

growth prospects, there may be greater differences in the choice of investment strate-

gies.

4.1.4 Communities

Figure 4.4: Evolution of Communities
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I ran a total of 64 quarterly community structure graphs. Here are the comparison

charts before and after the 2008 financial crisis and the COVID-19 epidemic in early

2020. It can be seen from Figure 4.4 that the community disappeared in the first and

second quarters of 2009 after the 2008 financial crisis, which represents the conver-

gence of investment strategies of all investors. This result is consistent with the previ-

ous analysis of the Weighted Cluster Coefficient in section 4.1.3. However, in contrast,

the network structure did not change significantly before and after 2019, which also

shows that COVID-19 did not lead to the convergence of investment strategies of all

investors.

4.2 Centrality Analysis

Figure 4.5: Intersection of Top ten closeness and betweenness

Figure 4.5 shows the intersection of the top ten nodes of closeness centrality and

the top ten betweenness centrality nodes through the VeNN (Vector-Enhanced Nearest

Neighbor) graph. The numbers on the graph represent the unique number of investors.

The nodes in the intersection are the network’s critical investors, who have diversified

investment strategies and a good understanding of overall market trends. It also shows

the list of stocks invested by over half of the nodes in the intersection.

I selected 2017 Q1 (before COVID-19) and 2020 Q1 (after COVID-19) data to

evaluate the return of these stocks in 1 year. I checked the trend (from the website

DATAROMA) of the four stocks (WFC, BAC, MCO, MA), which over half critical

investors invested in the network. From Figure 4.6, we can see that these stocks all

went up in one year. This result shows that this method is feasible to some extent
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Figure 4.6: Trend of Stocks

despite the limited amount of data analysed.

4.3 Community Analysis

I selected two time periods before and after the epidemic ( 2019 Q3 and 2021 Q2) for

analysis (refer to Figure 4.7). From this Figure, it can be seen:

1. The top 10 investors by portfolio value (index number from 68 to 77) are scat-

tered across different communities, which may mean that the top hedge funds in the

market employ various investment strategies. Different communities may represent
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Figure 4.7: Communities of 2019 Q3 and 2021 Q2

different investment styles, strategies, or market positioning, suggesting that there

is no ”single, best” investment strategy, but rather multiple strategies co-exist and

can all be successful.

2. When multiple large investors are dispersed among different communities, systemic

risk in the market may be reduced. If the majority of large investors are concentrated

in the same community (with similar investment strategies), then any market change

that affects that strategy can cause a larger market shock.

3. Since the top investors are scattered among different communities, we can pick rep-

resentative stocks or investment strategies from each community to build a diversi-

fied portfolio. This way, the portfolio can draw on each community’s characteristics

and strengths to improve overall and risk-adjusted returns.

I compiled information about the sectors in which each community invested. How

many investors have invested in each industry is counted and shown in order from

largest to smallest in a bar chart, and the comparison of the top 3 industry preferences

in different communities also was shown through the VeNN (Vector-Enhanced Nearest

Neighbor) graph (refer to Figure 4.8 and Figure 4.9).

From the VeNN graph in the two Figures, it can be seen:
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Figure 4.8: Sector distribution in blocks - 2019 Q3

1. Each community has unique preferences, but there are also some common indus-

tries. An industry unique to each community may represent a particular investment

style or strategy for that community. Some common industries exist in multiple

communities, which may mean that the market holds a certain consensus on the

prospects of these industries. These sectors may be experiencing some well-known

macroeconomic trends, technological innovations, or policy support that have at-

tracted the attention of many investors. From the industry preferences of different

communities, we can mine which industries may be undervalued or overvalued.

For example, if a particular industry is prevalent in one community but not com-

mon in others, it may be that the community has unique information or a deeper

understanding of the industry. We can consider industries that follow the market

consensus while looking for opportunities in certain industries that are highly re-

garded by specific communities to build a portfolio.

2. Comparing the VeNN graph of 2019 Q3 and 2021 Q2, we can see that the com-
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Figure 4.9: Sector distribution in blocks - 2021 Q2

monality and personality parts change over time, which indicates that the market,

investment strategy and external environment are dynamic. The market is an evolv-

ing entity, influenced by various factors, including macroeconomic, policy, techno-

logical progress and social change. As these factors change, investors’ views and

strategies will adjust accordingly.
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Conclusion and Future Works

5.1 Conclusion

This project aims to determine if network signals can detect early signs of financial

shocks and if famous investors’ portfolios can be adapted to build successful portfo-

lios. For early signs of financial shocks, this project conducted an evolution analysis

of nodes, links, average weight, and weighted clustering coefficients of the networks

and the evolution of communities. According to evolution analysis, we found that no

new investors joined, and investment behaviour (links) did not change significantly af-

ter the outbreak of COVID-19, which indicates the economy stagnated; the financial

crisis in 2008 led to an increase in the weighted clustering coefficient, while the pan-

demic led to an increase in the average weight. These are all signals of a financial

shock’s occurrence on the evolution graph. However, they are almost all lagging, and

we have yet to find a signal that can predict the occurrence of a crisis in advance, which

may be because the evolution analysis in this project is too macro, and we need some

microanalysis.

For building a compelling portfolio, this project conducted centrality and commu-

nity analysis. We identified the key investors in the network through the analysis of be-

tweenness centrality and closeness centrality. By comparing their portfolios, we found

stocks in which more than half of the critical investors were invested. We checked the

performance of these stocks over the next year. They did increase over the next year,

which is a promising finding. Although our data sample is small, it is an entirely ran-

dom selection. Therefore, this is a surprising finding, which means that it is possible

to build a portfolio based on the holdings of those famous investors. This project also

analysed the industry investment preferences in each community and compared the

24
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similarities and differences in industry preferences among different communities. We

found that each community has unique investment preferences, which suggests that

the results of community testing are meaningful. We can consider industries that ad-

here to market consensus while looking for opportunities in specific industries that are

well-regarded by particular communities to build a portfolio. We can also mine which

industries may be undervalued or overvalued from the industry preferences of different

communities. The current analysis results show that it is possible to build an adequate

portfolio based on the choice of famous investors.

5.2 Future Works

Firstly, the community analysis was primarily focused on the industry in this project.

We can analyse stocks in the specific industry to gain valuable information in the fu-

ture. Secondly, this project introduced ABC (associations beyond chance) value as the

weight of edges in the network, which indicates the likelihood of two investors holding

the same stocks beyond what is expected by chance. However, it was only used as a

covariate when conducting centrality analysis and community detection. We may get

a portfolio by analysing the weight distribution in the network. Analysing those edges

with high weight can help identify stocks in the current market that are considered to

have high value or potential. Through the analysis of weights, it is possible to identify

which investors frequently invest in particular stocks together, which may suggest that

they have similar investment strategies or sources of information. This can be a con-

centrated risk point if many highly weighted investors are concentrated in a particular

stock or sector. Identifying these risk points is essential for risk management and asset

allocation.
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