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Overview: Why graphs
for data science and
machine learning?



Why Graphs?

TigerGraph can bring unique value to your machine learning process.

1. Realtime feature extraction + prediction (e.g. anti fraud)
2. Introduce new features to the model.

3. Unique insights from graph algorithm.

4. Improved machine learning model accuracy.
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Why Graphs?
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Overview: How does
TigerGraph work in your
ML flow?



TigerGraph ML Working Flow
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What are graph features.

The features that show the interconnectedness of relationships between
entities. Usually it takes many hops on graph to discover that kind of hidden
insight which makes other data platform very difficult to finish this kind of

computation within reasonable time.
The common graph features are:

1. Manually designed graph features
2. Graph algorithm result
3. Graph embeddings
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Involved in Prior Fraud Cases
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Manually Designed Graph Features

Here are more manually designed graph feature examples, usually this kind of
features is designed based on the behavior or pattern to be predicted.

1. Number of fraudulent accounts in a community

2. Number of device/lP/cookie in 2/4/6 hops

3. Number of shortest paths to fraudulent accounts.

4. A phone call made to a person that called your other callees.

Many JOINs need to be performed if using RDBMS.
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Graph Algorithm Features

The result of graph algorithm can serve as machine learning features as well since
they provide signals of the graph topology from different perspectives.

1. PageRank score ->  Vertex influence
2. Closeness Centrality ->  Position in a community, close to center or boundary
3. Betweenness Centrality -> Number of shortest path through a vertex
4. Louvain ->  Community/Group/Ring detection
5. Weakly Connected Component -> Detection maximal subgraph connected via undirected
edges.
‘eGRAPH+AI
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Graph Embedding Features

Random Walk + Node2Vec
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4839 0.0092476 -0.0299002 -0.0354903 0.01166
176 0.0301448 -0.0458716 -0.104322 -0.165577
4374 0.135287 -0.161183 -0.0627228 -0.011731
8157 0.189139 -0.128897 0.0255433 -0.0461897
1226 0.0708157 -0.0472967 0.0306176 -0.09009
4997 -0.065632 -0.0706793 -0.103198 0.045023
4984 0.06196 0.0126079 -0.136605 -0.0582171
8859 0.0587633 -0.113262 0.0174828 -0.051839
645 0.0569722 -0.0658353 -0.189108 -0.073751
446 0.191666 -0.113103 -0.0390296 -0.0614881
7806 0.0684731 -0.105188 -0.0602134 -0.10622
7098 0.0951419 -0.185009 -0.0272823 -0.02497
3198 0.0488285 -0.00531387 -0.0953742 -0.165
2521 0.0650091 -7.95217e-05 -0.0843067 0.03@
233 -0.0581332 -0.104116 -0.105006 -0.156256
667 0.0778987 0.0663187 -0.0168721 -0.051862
739 0.0577648 -0.0433264 0.0137341 0.0037011



ML Feature Library

Our plan is to build a easily accessible and deployable ML feature library that
can help the users to build their graph feature table for ML model.

We will start with

1. Credit card/ Loan application fraud.
2. Payment Fraud.

3. Incentive Fraud.

4. Phone Call Fraud.

5. And many more...
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