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Abstract: 

The financial sector now relies on a complicated network of linked data. This complexity might help 

new ideas come up, but it also gives criminals a chance to set up complicated fraud rings and do 

illegal things. Sadly, conventional fraud detection methods and machine learning models that use 

siloed datasets and rigid rules often fall short, missing out on little connections and generating too 

many false positives. This paper looks at how knowledge graphs are being used as a powerful new 

way of doing things. Knowledge graphs let advanced graph analytics find hidden patterns, cut down 

on false alerts, and give clear and correct insights by modeling financial information as a network 

of nodes and edges. We will look at how this technology is being used across significant areas of the 

financial sector, like credit card fraud, anti-money laundering (AML), and customer risk scoring. 

We will use real-world examples and statistics to show why this technology is quickly becoming 

necessary for banks and other financial institutions. 
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I.  INTRODUCTION 

Fraud and Illicit finance take a massive toll on the global economy. Considering the leaked documents from 

the U.S. Financial Crimes Enforcement Network (FinCen), over 2 trillion in transactions were flagged as 

potential money laundering between 1999 and 2017 [1]. Meanwhile, synthetic-identity fraud alone—where 

criminals create fake identities to get credit - costs banks up to 20 billion in 2020 alone [2]. Although major 

investment banks have equipped themselves with rule-based systems, these processes in place can't just 

keep up. Analysts estimate that legacy rule-based AML systems generate false positives in up to 95% of 

alerts, and their rigid, batch-oriented architectures hinder scalability and real-time detection [3]. According 

to FI Consulting, most legacy AML and transaction-monitoring platforms are notorious for generating high 

false positives [4]. 

The main issue lies with the data itself. Financial data is not a simple collection of siloed datasets; it's a 

complex web between people, accounts, devices, and transactions. Fraudsters are well aware of this and 

exploit those relationships to get away with their illicit activity. Traditional relational databases are not built 

to analyze this kind of complex and deep link. In contrast, knowledge graphs are built from scratch to 

handle these links. They represent entities (like customers or payments) as nodes and their relationships 

(like shared address or fund transfers) as edges. This architecture empowers analysts to traverse interlinked 

connections in real time and apply sophisticated analytics to discover fraud rings. This paper will explore 

how this powerful architecture is changing the way financial crime is being handled and empowering 

institutions to adhere to compliance. 
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II. WHAT ARE KNOWLEDGE GRAPHS AND WHY DO THEY MATTER?  
 

A. A New Way to Model Financial Data 

 At the core, a knowledge graph is a data structure that represents how we decipher the real world: as a 

collection of things that are all related. The Financial Industry Business Ontology (FIBO) captures this 

concept perfectly. Developed by the Enterprise Data Management Council and standardized by the Object 

Management Group, FIBO provides a common language for everything from legal entities to financial 

instruments and how they can be connected [5]. This means that data from different systems can be 

federated into a single, cohesive view. 

These graphs are typically stored in purpose-built graph databases like Neo4j, TigerGraph, or Amazon 

Neptune. They are incredibly flexible; you can add a new type of relationship (like 

HAS_A_LINKED_DEVICE) without changing your entire data model. The cost of navigating from one 

piece of data to a connected piece is nearly constant, no matter how many connections you need to traverse. 

As Neo4j puts it, while simple fraud can be caught by old technology, today’s criminals require a connected 

link analysis that only a graph database can make "simple and efficient" [6]. 

 

 
Fig. 1. Comprehensive knowledge-graph view linking personas, shared identifiers, devices, addresses, 

financial instruments, loans, and a suspicious transaction (adapted from [7]). 

 

B.  The Graph vs. Relational Debate 

It is a common misconception that relational databases can handle this kind of work. Traditional databases 

rely on expensive join operations to link data across tables, and these joins become incredibly slow when 

you need to follow complex chains of relationships. A Neo4j case study highlights just how costly and 

risky it is to change a relational data model to keep up with new fraud patterns [6]. As Neo4j points out, 

graphs capture these relationships explicitly, allowing them to follow a money trail naturally, while a 

relational database might get bogged down or miss connections entirely [6]. TigerGraph adds to this, noting 

that many first- and second-generation graph tools can't even search beyond three "hops," whereas a native 

parallel graph database can explore six or more hops in real time, which is essential for catching the most 

complex fraud schemes [8]. 

 

C.   Smart Algorithms for a Smart Approach 

The algorithms that operate on top of knowledge graphs are what really matter. They are like daemons that 

run on the structure to look for patterns and anomalies. 
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• Community detection: Louvain is a well-known technique for finding communities in networks or 

graphs. A community in a network is a group of nodes that are more closely connected than to nodes that 

are not in the group. The Louvain method identifies these clusters over and over again. The Louvain 

algorithm would see this as one suspect group if a set of accounts were all connected by a series of shared 

devices and a web of transactions that rarely involve outside accounts. This is a very useful technique for 

finding fraud since it lets analysts look for whole fraud rings or criminal networks instead of just looking 

at single transactions. This is because it helps them see how they are connected and how they act as a group. 

• PageRank: Google created the graph algorithm known as PageRank to determine which node in a 

network has the most influence. It was originally implemented to rank web pages at Google based on the 

number links pointing to them.  

PageRank looks at the connections (edges) between things (nodes) in a financial knowledge graph to find 

the most important or core ones.  

 

For instance, a bank account that gets money from a lot of different accounts that don't seem to be related 

or a single phone number that dozens of clients use would get a very high PageRank score. This does not 

prove that the node is a fake, but it does imply that it may be a hub in a dubious network.  

• Graph Neural Networks (GNNs): GNNs are AI models that can train to identify complex patterns 

directly from the graph's structure. In a Fujitsu–LARUS trial, an explainable graph AI technique called 

Deep Tensor significantly boosted fraud detection rates by leveraging the connections in the data [9].  

 

The algorithms running on top of the knowledge graph are what make it powerful and derive patterns for 

fraud detection. 

  

III. REAL-WORLD APPLICATIONS 

A.  Catching Card and Payment Fraud 

Credit-card fraud is a constant battle. Fraudsters use synthetic identities, stolen cards, and device spoofing 

to bypass simple blacklists. A knowledge graph can link all these data points together - a card, the device, 

the IP address, and the merchant—to spot suspicious activity like multiple accounts sharing the same phone 

number or a series of transactions happening far from a user's typical location [10]. According to 

TigerGraph, every dollar of payment fraud costs a bank or merchant 3.36 when you factor in fees and lost 

goods, which is why a proactive, graph-based approach is so valuable [8]. In the Fujitsu-LARUS trial, this 

method improved the fraud detection rate from 72% to 89% and reduced false positives by 63% compared 

to manual rules [9].  

 

B.  Take on Money Laundering and AML Compliance 

Money laundering is the most complicated "connected data" challenge because it involves shell companies 

and international transactions. Rule-based systems often miss these patterns and create an overwhelming 

number of false positives, which is why U.S. regulators encouraged banks to adopt AI for AML back in 

2019 [4]. Knowledge graphs are a natural fit for AML. They can trace the flow of funds across multiple 

layers of accounts, making it easier to detect circular transaction loops or "smurfing" (breaking large 

transactions into smaller ones) [11], [12], [13]. According to TigerGraph, banks are under immense 

pressure, with OFAC fines reaching 1.3 billion in 2019 [14], making technologies that can link internal 

data with external sanctions lists a necessity [8]. 

 

C.  Enhancing KYC and the "Customer 360" View 

KYC isn't something you do once; It is a continuous process of verifying and monitoring customers. A 

knowledge graph is essential for creating a genuine "Customer 360" view, which merges data from different 

internal silos, such as products, support, and sales, with data from outside sources [6]. This not only gives 

analysts a better overall picture, but it also makes it easier to resolve entities. A bank can readily tell whether 
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someone is using a dozen separate fake identities by linking their accounts, devices, and addresses. Neo4j 

says that UBS employed a graph to trace data history across its business, giving regulators a clear audit trail 

[15]. This makes it a very useful tool for following rules. 

 

IV. EVIDENCE AND BENCHMARKING 

The benefits of knowledge graphs aren't just theoretical. The following table provides a snapshot of the 

tangible results seen in the industry. 

A. Fraud Detection Performance 

 The table below outlines the fraud detection performance between graph databases and studies 

conducted in the past. 

 

TABLE I – FRAUD DETECTION PERFORMANCE 

Study Traditional 

Approach 

Graph 

Approach 

Metrics/Outcome 

Fujitsu–LARUS 

(2020) [9] 

Manually 

crafted rules 

Deep Tensor 

graph AI 

72% → 89% detection 

rate (17 percentage-point 

gain); 63% reduction in 

false positives. 

Neo4j Case 

Study [6] 

Relational 

databases with 

manual review 

Knowledge 

graph with 

Neo4j + ML 

models 

Manual review time cut 

in half; improved 

detection accuracy; up 

to 1,000x faster for 

finding complex 

patterns. 

NebulaGraph 

analysis [10] 

Isolated 

transaction 

analysis 

Knowledge 

graph with 

algorithms 

Demonstrates 

applicability for 

detecting fake 

identities, credit-card 

fraud, and money 

laundering patterns 

TigerGraph 

report [8] 

Payment 

analytics 

limited to ≤3 

hops 

Native parallel 

graph with ≥6 

hops 

Detects complex 

patterns in real time 

that traditional systems 

miss. 

 

 

 
Fig. 2. Loan customers performing multiple transfers into a central suspicious account, illustrating a 

potential “fund collection” fraud pattern (adapted from [16]). 

 

B. The Financial Impact 

The economic case for knowledge graphs is compelling. A Forrester study of Neo4j's platform found an 

impressive 417% ROI over three years, with the biggest benefits coming from improved business results 

(43%) and digital transformation savings (35%) [21]. The company, which by 2021 had over 950 enterprise 

customers [18], has also demonstrated—through a Forrester study—that its technology can pay for itself 

more than four times over [21]. 
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V. DEEPER DIVE INTO REAL-WORLD CASE STUDIES 

  Major financial institutions were already embracing knowledge graphs. The examples below show not 

only how the technology was used, but also how it helped the business in a strategic way. 

A.   Neo4j in Large Banks and Financial Institutions 

The Zurich Insurance case study is a great example of a business that has gone beyond just using rules to 

find fraud. They switched from a risk tool that highlighted individual claims to a graph-based 

software, Neo4j. This made it possible for investigators to see all the important information in one place, 

connecting claims reports to policies, customers, insured assets, and payment data. It also worked well with 

data from other sources, including blacklists. This unified perspective was very important for finding 

complicated "crash-for-cash" schemes in which multiple people were involved in claims that didn't seem 

to be related. Zurich was able to save time and money by focusing on real dangers because the graph could 

quickly show linkages between a lot of automated reports [17]. 

The big bank UBS is another good example. UBS chose Neo4j to construct a data lineage platform when 

required to adhere to new data governance regulations. They used the graph to keep track of the flow of 

information across the whole company. This not only helped them manage risk better by keeping an eye 

on data quality and finding mistakes, but it also gave them a clear, verifiable trail for regulators [15]. 

 

In the same way, Citigroup's Private Banking group used Neo4j to change how it handles data to better 

serve its clients around the world. The graph structure was able to handle all of the private banking tasks 

and meet security needs that a regular system would have had trouble with [18]. 

On an even larger scale, a prominent Latin American bank used Neo4j to connect a trillion relationships 

within its data. This massive knowledge graph allowed them to get real-time insights, which in turn helped 

them reduce credit risk, empower decision-making, and identify new business opportunities [18]. 

 

These case studies show that knowledge graphs were already moving from a niche technology to an 

essential part of financial infrastructure for global, enterprise-level organizations. 

 

B.   The Fujitsu–LARUS Graph AI Trial 

The Fujitsu-LARUS trial conducted in 2020 has given compelling insights into the power of graph AI. By 

deploying Fujitsu's Deep Tensor graph AI technology to a real credit card payment dataset, they observed 

better results when compared to traditional rule-based methods. The graph model has shown a significant 

increase in fraud detection rate from 72% to 89%.  Apart from this, another revolutionary. 

 

The observation was about the reduction in the false detection rate by 63% [9]. This reduction in false 

positives is a significant win for banks, as it aids in saving countless hours of analysts and reduces customer 

dissatisfaction. This trial also highlighted the importance of explainability; the visualization of the AI's 

decision factor helped analysts understand why a case was flagged, which is crucial for building trust in the 

model and creating new rules [9]. 

 

C.  TigerGraph Solutions for Risk and Compliance 

 TigerGraph's capability of deep-link analysis and high-performance native parallel processing has 

landed as a crucial layer in combating complex fraud. As per their reports, most relational databases and 

some early graph systems cannot trace a money trail beyond two or more hops, giving sophisticated 

fraudsters easy ways to conduct fraud rings. TigerGraph's technology, on the other hand, is capable of 6 or 

more hops in real time. This phenomenal performance was instrumental in catching these complex patterns 

in online payment fraud [8]. This capability can also be extended to compliance, where it can link internal 

account data with external sanctions lists to instantly flag connections to politically exposed persons (PEPs) 

or other risky entities [8]. This is a direct outcome of the immense pressure from regulators, seen in the 

form of 1.3 billion in OFAC fines issued in 2019 [14]. 
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VI.  ADVANCED GRAPH AI AND MACHINE LEARNING 

The real strength of a knowledge graph is that it can support advanced machine learning that goes beyond 

basic principles. Graph AI is a new discipline that offers much more useful information. 

 

A. Graph Embeddings 

Graph embeddings are an important step toward using typical machine learning models on graph data. An 

embedding is a low-dimensional vector that shows where a node is in the graph and what it means in that 

context. This process changes the complex, related data into a format that regular algorithms can read. For 

example, an embedding of a "fraudulent account" would be numerically closer to other fraudulent accounts, 

which would let a simple classifier warn new accounts based on how similar they are to known bad actors. 

 

B. Graph Neural Networks (GNNs)  

GNNs are a type of deep learning model that is made to learn directly from graph data. They don't just look 

at one node; they combine information from a node's neighbors to make a more complete and context-

aware picture. A GNN for a transaction that is trying to find fraud would look at more than just the amount 

and timing of the transaction. It would also look at how the sender's account, the receiver's account, and 

even the devices they used. A GNN can find subtle group patterns that other models can't see. This is a big 

change because it lets the model understand what a "suspicious network" looks like instead of just a 

"suspicious transaction." 

 

C.  Explainable Graph AI 

For Banks, explainability is not just a nice-to-have feature; it's a regulatory requirement.  For audit and 

compliance, a model's decision-making process must be transparent. The Deep Tensor technique used in 

the Fujitsu-LARUS trial is a great example of an explainable graph AI. By generating a visual 

representation of why a certain connection or transaction was flagged, it helps analysts comprehend the 

model's rationale, which is crucial for model governance and regulatory scrutiny. 

 

VII. IMPLEMENTATION STRATEGY AND BEST PRACTICES 

 

       Adopting a knowledge graph is a strategic move that needs a well-defined plan. It isn't as simple as 

just switching out one database for another. 

A. Phased Implementation.  

Any successful strategy we generally observe involves a phased approach.  

 

Start with a Single Use Case:  Start with a significant type of fraud that has a high impact, and also falls 

under the category of a well-defined problem.  This allows the team to prove the usefulness of the 

technology without getting overwhelmed.  

 

Model the Data: Design the graph's ontology (the nodes and edges) in collaboration with business users 

and subject matter experts. A well-designed graph schema is foundational to success. 

 

Data Ingestion: Implement a robust data pipeline to feed the graph. This often involves a mix of batch-

loading historical data from legacy systems and leveraging real-time streaming services to keep the graph 

up-to-date with new transactions.  

 

Iterate on Analytics: Begin with simple graph queries and algorithms, and progressively move toward more 

advanced techniques like GNNs and graph embeddings as the team's experience adds on. 
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B. Data Governance and Quality 

     Data quality is crucial. The "garbage in, garbage out" rule is even more true for graphs because faulty 

data can lead to wrong connections and conclusions. To make sure that data is accurate, consistent, and 

complete, banks and other financial institutions need to have a solid data governance system. Entity 

resolution is a crucial step that involves the process of finding and connecting different data points that 

correspond to the same real-world entity. (e.g., a customer's old and new addresses).  

 

C.  Vendor and Platform Selection 

The organization's needs will determine whether they want a local graph database (like Neo4j or Tiger 

Graph), a cloud-based service (like Amazon Neptune or Azure Cosmos DB), or a hybrid solution. 

Scalability, performance for certain workloads, security, developer tools, and the size and maturity of the 

vendor's ecosystem are all important factors. 

 

VIII. ADOPTION TRENDS AND MARKET DYNAMICS 

The market for graph databases and knowledge graphs was expanding rapidly. Grand View Research 

estimated the global graph database market at 2.57 billion, with a projected compound annual growth rate 

(CAGR) of 21.9% from 2023 to 2030 [19]. This growth was driven by the urgent need for financial 

institutions to handle complex relationships and real-time data. Major players like Neo4j, TigerGraph, and 

Amazon Neptune were all vying for enterprise adoption. 

It's clear that regulators are also coming around to these methods. FI Consulting points out that regulators 

are now actively encouraging banks to use innovative AI approaches for AML [4]. Deloitte adds that 

financial institutions are increasingly adopting graph data analysis to enhance compliance and financial 

crime detection [20]. The open-source FIBO standard is a big step towards interoperability, and the wider 

community is working on everything from automated regulatory rule management to AI explainability. 

 

IX. CHALLENGES AND THE PATH FORWARD 

Of course, this isn't a silver bullet. Knowledge graphs still have some serious challenges. Getting all the 

siloed data from different systems into a single, cohesive graph is a major undertaking. Data quality and 

entity resolution are especially tricky in a global context. Scalability is another big challenge because 

setting up and maintaining a graph on a large-scale enterprise-wide scale needs a distributed architecture. 

And last but not least, there's the major problem of explainability. It's not always straightforward for 

regulators and auditors to figure out why a transaction was reported, especially with some complicated AI 

algorithms. 

 

There are a few things to look forward to. The most intriguing thing is that Graph Neural Networks 

are getting better at combining deep learning with graph topologies. We will probably also see more 

development on privacy-preserving methods like federated learning. This would let institutions work 

together to find fraud without disclosing sensitive data. The industry will also keep working on adding 

Natural Language Processing (NLP) to knowledge graphs to make them more useful by adding unstructured 

material from news and regulatory papers. 

  

X. CONCLUSION  

 Fraud and regulatory pressure are on the rise in the banking sector. Knowledge graphs offer a powerful 

solution by identifying interconnected relationships between financial datasets. By capturing entities and 

their relationships, graphs enable well-defined algorithms and AI that can identify and reveal hidden 

patterns, reduce false positives, and provide explainable insights. The case studies and statistics show a 

clear trend: this technology is moving from an experimental phase to an essential part of the financial fraud-

fighting toolkit. While challenges remain, continued research and collaboration will solidify the knowledge 

graph's place as a fundamental component of a more resilient and transparent financial system. 
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