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Abstract - Recently, there has been a growing interest in Knowledge Graphs (KG) due to their ability to systematically structure 

and categorize complex information. These graphical representations uniquely identify intricate patterns, reveal hidden insights, 

process enormous amounts of data with intuitive visualization, and accurately retain diverse information. One domain where 

KGs can be particularly valuable is the financial market, specifically the stock sector, which generates vast amounts of data 

across various platforms. This research paper outlines the methodologies for constructing a knowledge graph using graph 

databases and explores how it can enhance our understanding of financial paradigms. By doing so, this paper aims to improve 

the accuracy and depth of stock analyses, facilitate better decision-making processes, and detect anomalies such as intellectual 

property theft or insider trading within the realm of finance. 
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1. Introduction 
Knowledge graphs have become popular in various 

domains, such as recommendation systems, software design 

and development, market prediction, cybersecurity, IP, and 

stock investments [1]. One example of using knowledge 

graphs is music recommendation. Oramas et al. [2] used 

knowledge graphs to recommend sounds and music. Another 

example is the integration of knowledge graphs with SQL 

databases proposed by Li et al. [3], demonstrating the 

effectiveness of using knowledge graphs in industrial 

software design and development processes. In addition, Liu 

et al. [4] employed a combination of deep learning and 

knowledge graph integration to prove the efficacy of market 

prediction and stock investments.  Knowledge graphs provide 

a means to organize and analyze data, making them an 

appealing tool for predicting stock market trends. In the stock 

market, a wealth of data is available, including historical 

prices, company news, insider trades, and critical metrics 

about companies. However, this information is often scattered 

and disjoined, making it difficult to extract meaningful 

insights. To address this challenge, using knowledge graphs 

can be highly beneficial. 

 

2. Literature Review 
In the ever-evolving digital era, the financial industry, 

particularly the stock market, grapples with a vast influx of 

data from various sources such as news outlets, financial 

reports, and social media. Effectively managing this extensive 

information necessitates tools capable of not only organizing 

it but also extracting valuable insights. 

 

Knowledge graphs have emerged as a promising solution 

rooted in semantic web technologies. These graphs provide a 

structured representation of data that seamlessly connects 

disparate pieces of information. This structured representation 

becomes invaluable in sectors like finance, where 

understanding entity relationships is critical for making 

informed decisions. 

 

2.1. Knowledge Graphs 

Knowledge graphs are understood as networked datasets 

that associate entities with their attributes and 

interrelationships. Their utility has been recognized across 

various sectors, from e-commerce to healthcare, exemplifying 

their versatility. 

 

2.2. Knowledge Representation in Finance 

The financial domain, with its complex interplay between 

assets, companies, and market indicators, presents a 

compelling case for knowledge graph implementations. 

Through KGs, latent connections, often obscured in traditional 

data processing approaches, can be unveiled. 

 

2.3. Graph Databases in Finance 

Research into the utility of graph databases for financial 

data storage and retrieval suggests that these databases 

facilitate efficient data access and enable advanced analytics. 

This makes them suitable for constructing knowledge graphs 

in the financial realm. 

 

http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
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2.4. Stock Market Analysis 

Conventional methodologies for analyzing stock market 

dynamics often overlook the interconnected nature of 

financial entities. This gap underscores the value of 

knowledge graphs as a potential addition to analytical toolkits 

in finance. 
 

2.5. Insider Trading and IP Theft Detection 

Traditional strategies for detecting market malpractices 

rely on surface-level data analysis. However, the depth and 

breadth of data representation provided by knowledge graphs 

can uncover patterns that might be missed by conventional 

methods, positioning them as crucial tools for market 

surveillance. 
 

Traditional methods are commonly used for analyzing 

financial data, but there is limited utilization of graph 

databases in the context of financial stock markets. This leads 

to loosely integrated datasets and poses challenges when 

combining new datasets within a cloud graph database to 

handle the vast amount of information found in financial 

markets. This study aims to tackle these issues by efficiently 

integrating diverse datasets within a scalable cloud graph 

database designed specifically for financial markets. 

 

3. Understanding Stocks in New Ways  
Before building a knowledge graph for stocks [5], it is 

essential to understand what stocks are and how they function 

in the financial market. A stock is a type of security that 

symbolizes an ownership position in a corporation and 

represents a claim on the part of the company’s assets and 

earnings. For example, a company’s stock might trade at $ 90 

per share on an exchange. You might be wondering what could 

be done with this data. In the past, conventional stock price 

prediction methods predominantly relied on time-series and 

regression analyses.  

 

While traditional models assume linear relationships 

between variables, they might not be able to capture the 

complexity and the non-linear nature of financial markets. 

More recently, as AI and machine learning with graph 

algorithms continue to thrive and large and varied data 

becomes widely available, a new and promising approach that 

relies on these algorithms has been adopted. The input a 

variety of information available about financial instruments, 

and it can incorporate all the knowledge and derive insights 

from it. It can then be used to predict stock market trends and 

potentially make informed investment decisions and indirect 

relationships between organizations. 

 

4. Variety of Data Sources 
A knowledge base refers to a collection of information 

that establishes connections between entities and objects, 

facilitating the formation of relationships. Knowledge graphs 

leverage semantic associations to provide contextual 

understanding and facilitate integration, unification, 

analysis, and data sharing. It is highly recommended to 

explore further literature on knowledge graphs. From the 

context of the stock market:  

 

• Entities mentioned in news articles contribute valuable 

insights. 

• Daily news updates are released concerning specific 

stocks. 

• Information from platforms like Reddit [6] regarding 

meme stocks can be significant. 

• Parsing 10K-10Q [7] filings provides access to crucial 

data points. 

• Critical metrics pertaining to companies play an 

instrumental role. 

• Moreover, there exists a plethora of other relevant 

information. 

 

One work relevant to the concept of this paper is done by 

Deng et al. [8], where a knowledge-driven event embedding 

model is developed, and the results indicate that financial 

market prices help forecast future financial market prices. 

 

Despite their dispersed nature, these discrete pieces of 

information hold immense value as they connect disparate 

components within the domain under consideration. Given 

this and the data mentioned above [1], analyzing the stock 

market by forming knowledge graphs is beneficial, enabling 

investors to understand the underlying dynamics of stocks, 

businesses, and the industry in general. 

 

Furthermore, the integration of this data can create a 

comprehensive knowledge graph. The practical applications 

of such a graph are manifold and extensive. It can facilitate 

efficient financial decision-making based on accurate 

information and provide invaluable insights for predicting 

stock market trends. This research places emphasis on 

harnessing the power of knowledge graphs to enhance the 

precision of stock price forecasts through meticulous analysis 

and evaluation methods. 

• Graph neural networks can be formed. 

• It could be a recommendation on stocks to buy. 

• Follow patterns of institutional investment. 

• Find a similar pattern of different stocks. 

• Understand a stock from a bird’s eye view. 

 

5. Linking Knowledge Graphs and Stock 

Market Graph Database 
Multiple graph databases exist in the market, offering 

many options for constructing knowledge graphs. AWS 

Neptune was selected as the primary graph database platform 

to reduce setup time and begin the research promptly. It is 

suggested to delve into its features when thinking about 



Shyam Balagurumurthy Viswanathan & Gaurav Singh / IJCTT, 71(10), 51-60, 2023 

 

53 

crafting a custom knowledge graph solution. Alternatives 

include Janusgraph [10], neo4j [11], Apache TinkerGraph 

[12], and tiger-graph [13]. A predominant hurdle when 

working with graphs is discerning which query language to 

employ. Conventional SQL knowledge is not directly 

translatable for querying graph data.  

 

Various query languages exist, such as Gremlin [12], 

Cypher [14], SPARQL [15], and more, each presenting its 

own set of challenges. This paper will focus on Gremlin from 

Apache as an open-source choice. Although its learning 

process is straightforward, there are limitations to bear in 

mind. 

 

6. Coding Language and Libraries 
To access APIs and retrieve data, Python is commonly 

used for coding. One such API that provides all the necessary 

information in a packaged format is financial modeling prep 

[16]. Additionally, you will need the Gremlin Python 

package to load and work on graphs pip install Gremlin 

Python. 

 

6.1. Graph Setup 

To create the graph, this paper will use the Gremlin 

Python package and native Gremlin queries. Begin by 

focusing on a single stock, AAPL [17]. Connect to the AWS 

Neptune database from the AWS.

 
Fig. 1 

 

 
Fig. 2 

 

6.2. Fetch Data  

As previously noted, abundant data can be linked to the 

stock. Nonetheless, the primary objective should be to connect 

the stock's institutional investors. To facilitate this, 

enumerating all the NASDAQ [18]-related stocks is essential.
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Fig. 3 

 

 
Fig. 4 

6.3. Create Graph 

The ticker AAPL was filtered and incorporated as a vertex 

in the graph to optimize the procedure. All institutional 

holdings of AAPL were also included. Rather than adding 

edges in the prior code, the method highlighted involves using 

gremlin queries to establish connections by appending them to 

a list. Parsing the edge ID becomes necessary when crafting 

Gremlin queries with the ID. 

 

 
Fig. 5 

 

 
Fig. 6 
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Fig. 7 

 
6.4. Creating Edges – Holdings 
 

Upon executing the required commands, connections 

between vertices can be successfully established. The 

completed graph for AAPL appears below, presented in a 

simplified manner that omits details about top investors for the 

sake of clarity and simplicity. 

 

 

 

 

 

 

            

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 8 
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Fig. 9 

 

6.5. Creating Edges – Executives 

Financial model prep also provides data about the 

company leadership. Like the above code, we can create 

vertex and edges for AAPL. 

 

6.6. Creating Edges - News Entities 

Constructing entities from news requires intricate 

processing. Some basic processing has been undertaken, but 

more complex methods are available. Initially, gathering all 

the news and their summaries is suggested.  

  

The preferred choice is the summary of each article. 

Selecting the article's summary aids in expediting the 

processing time. Although the entire article could be analyzed 

for additional entities, once the summary is acquired, it is 

imperative to establish a transformer NER pipeline to identify 

the entities. Numerous methods exist for entity extraction, and 

the optimal path should be determined. 

  

The subsequent code remains consistent, which involves 

the addition of the identified entities to the ticker. The 

subsequent image can visualize the relationship between the 

entity and the ticker. Some extraneous entities might still be 

visible, which can be sifted out, but it is advised to continue 

forward. 

  

 
Fig. 10 

 
 By combining all the nodes, the comprehensive knowledge graph containing the collated information will be unveiled. 
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Fig. 11 

 

7. Methodology  

A knowledge graph has been successfully developed 

using AWS Neptune for a specific stock, with the capability 

to continually incorporate additional stocks. 

 Upon integrating subsequent stock network graphs, 

verifying the presence of existing nodes is advisable. For 

instance, identifying the affiliations of leadership roles and 

associating them with the appropriate vertex is 

recommended. 

• It is crucial to append labels, tags, and relevant 

information to the vertex. 

• It is beneficial to utilize previously established vertices 

for entities. In conjunction with AWS Neptune, 

knowledge graphs exhibit robust scalability, offering 

substantial data storage capacity. 

 Nevertheless, despite the inherent scalability and 

storage competencies of knowledge graphs and AWS 

Neptune [19], various challenges manifest in the 

development of stock knowledge graphs. A primary 

concern is acquiring and refining the extensive data 

inherent in the stock market, encompassing news articles, 

summaries, insider trades, financial disclosures, and other 

salient data points. Frequently, a singular API might be 

insufficient, necessitating interfacing with multiple APIs 

and subscription services to aggregate comprehensive data. 

Furthermore, securing permissions to utilize specific data 

outcomes could be imperative. 

  

Rigorous evaluation is indispensable when selecting 

models for Named Entity Recognition. A judiciously curated 
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NER pipeline [20] can be employed to derive entities from 

designated summaries and articles. Although a plethora of 

models exist for such tasks, it remains paramount to assess 

considerations such as data volume and requisite processing 

power. Large Language Models may be harnessed in certain 

scenarios to ensure precise NER determinations. After entity 

extraction, their incorporation as nodes in the knowledge 

graph is the recommended course of action. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

Fig. 12 

8. Future Research 
Applying knowledge graphs in the stock market provides 

many benefits and possibilities for further investigation and 

analysis. Graphs could be used to find out the hidden 

relationships. For example, the Board of Directors of two 

companies can be found, and the intellectual information 

shared between them. 

• Find the companies that are so close. 

• Create a Graph Neural Network using DGL [21] or 

PyTorch-geometric. [22] 
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• A ton of insights can be created. 

• Another major item that can be created is a 

recommendation engine for stocks. It can be built 

depending on the portfolio. 

 

9. Conclusion 
This research article undertakes a thorough investigation 

into the application of knowledge graphs in the financial 

sector, specifically focusing on their role in the stock market. 

It highlights the significant value and utility of these graphs by 

providing detailed insights into constructing and extracting 

essential entities, summaries, and other relevant information. 

This work not only contributes to academia but also offers 

practical guidance for practitioners looking to implement 

effective strategies. 

The research endeavors to incorporate the gathered 

information into AWS Neptune, emphasizing the need for a 

dependable platform and highlighting the process of 

constructing a knowledge graph from its inception. 

Recognizing the ever-changing nature of data in contemporary 

times, there is an emphasis on regularly updating and 

expanding datasets. This ongoing integration guarantees that 

the knowledge graph remains exhaustive and accurately 

reflects the complex intricacies of the financial domain. 

In summary, this article emphasizes the importance of 

thorough analysis following the development of a knowledge 

graph. These analytical steps are crucial in ensuring that the 

created graph effectively serves its role as a valuable tool for 

making informed financial decisions. The rapidly changing 

global financial landscape demonstrates that knowledge 

graphs play a significant role within the stock market. This 

research not only highlights their significance but also lays the 

groundwork for future studies and applications in harnessing 

their potential benefits. 
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