
Mining Graph Patterns





Why mine graph patterns?

ÅDirect Use:
ïMining over-represented sub-structures in chemical 

databases
ïMining conserved sub-networks
ïProgram control flow analysis

ÅIndirect Uses:
ïBuilding block of further analysis 
ÅClassification 
ÅClustering
ÅSimilarity searches
ÅIndexing



What are graph patterns?

ÅGiven a function f(g) and a threshold ̒, find all 
subgraphs g, such that ŦόƎύ җ.̒

ÅExample: frequent subgraph mining.
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Other Mining Functions

ÅMaximal frequent subgraph mining

ïA subgraph is maximal, if none of it super-graphs 
are frequent

ÅClosed frequent subgraph mining

ïA frequent subgraph is closed, if all its supergraphs
have a lesser frequency

ÅSignificant subgraph mining

ïG-test, p-value



Frequent Subgraph Mining



Frequent subgraph mining

ÅAprioriBased Approach (FSG)

ïFind all frequent subgraphs of size K

ïFind candidates of size k+1edges by joining 
candidates of size k edges

ïMust share a common subgraph of k-2 edges

Example: (FSG) 



Pattern Growth Approach

ÅPattern Growth Approach

ïDepth first exploration

ïRecursively grow a frequent subgraph



Mining Significant subgraphs

ÅWhat is significance?

ïGtest, p-value

ïBoth attempt to measure the deviation of the 
observed frequency from the expected frequency

ïExample: Snow in Santa Barbara is significant, but 
snow in Alaska is not.



P-value

Åp-value : what's the probability of getting a result 
as extreme or more in the possible range of test 
statistics as the one we actually got?

ÅLowerthe p-value, higher the significance



Problem formulation

ÅFind answer set
ï : Graph Database

ḯ : Significance Threshold

ï : g is a subgraph of G

ÅLow frequency does not imply low significance 
and vice versa
ïGraph with frequency 1% can be significant if 

expected frequency is 0.1%



Solution to Problem: Approach 1

ÅNumber of frequent subgraphs grow 
exponentially with frequency

Calculate p-value to find 
significant sub-graphs

Graph 
Database

Bottleneck

Answer Set

Frequent Sub-graph 
Mining with low
frequency threshold





Alternative Approximate Solution

Graph DB
Feature Vectors Significant sub-feature 

vectors

Slide 
Window 

Feature 
Vector 
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Subgraphs
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mining
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threshold

high frequency threshold



Converting graphs to feature vectors

ÅRandom walk with Restart (RWR) on each 
node in a graph

ÅFeature vectors discretized to 10 bins



What does RWR vectors preserve?

ÅDistribution of node-types around each node 
in graph

ÅStores more structural information than a 
simple count of node-types

ÅCaptures the feature vector representation of 
the subgraph around each node in a graph



Extracting information from feature vectors

ÅFloor of G1,G2,G3: [2,0,0,0,1,1,0,0,0]
ÅFloor of G1,G2,G3,G4 : [0,0,0,0,0,0,0,0,0]
ÅFalse positives pruned later
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Measuring p-value of feature vector

ÅSub-feature vector: X=[x1, ..,xn] is a sub-feature 
vector of Y=[y1, ..,yn] if xiҖ yi for i=1..n.

ï9ȄŀƳǇƭŜΥ ώнΣо мϐ Җ ώпΣоΣнϐ.

ïLƴ ƻǘƘŜǊ ǿƻǊŘǎΣ άXoccurs in Yέ

ÅGiven a vector X: 

ïP(X) = Probability of Xoccurring in an arbitraryY

= P(y1җx1, ..,ynҗ xn)

= 



More p-value calculation

ÅIndividual feature probabilities calculated 
empirically.
ÅExample: 

ÅP(a-ōҗнύҐ3/4
ÅP(a-Ŝҗ мύҐмκп
ÅP([2,0,0,0,1,1,0,0,0])= ¾* ¾* ¾ = 27/64  



Probability Distribution of X

ÅThe distribution can be modeled as a Binomial 
Distribution

ï

ïm = number of vectors in database

ï˃ = number of successes

Å· ƻŎŎǳǊǊƛƴƎ ƛƴ ŀ ǾŜŎǘƻǊ ŀ άǎǳŎŎŜǎǎέ



P-ǾŀƭǳŜΧ

Å

Å = observed frequency



Monotonicity properties of p-value

ÅIf X is a sub-feature vector of Y

ïp-value(X,sύ җǇ-value(Y,s) for any support s

ÅFor some support s1җ s2

ïp-value(X,s1ύ Җ Ǉ-value(X,s2)



Mining Significant subgraphs

ÅWhat have we developed till now?

ïVector representation of subgraphs

ïSignificance of a subgraph using its vector 
representation

ÅNext Step?

ïFind all significant vectors



v1: 4,5,6
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Definitions

ÅVector Xoccurs in graph G

ïXҖ  hi , hiḎG

ïEx: [3,1,2] occurs in G, [3, 3, 3] does not.



Definitions..

ÅCut-off/Isolate structure around node n in 
Graph G within radius r

ïEx: around b within radius 1

ïEx: around f within radius 2
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Mapping significant vectors to significant subgraphs

Significant  
sub-structures

Sets of 
nodes

Sets of 
similar sub-
structures

Significant 
Vectors

Scan all 
nodes in 
database

Isolate sub-
structures 

around each 
node  in a 

set

Maximal 
frequent  
subgraph 
mining



Application of significant subgraphs

ÅOver-represented molecular sub-structures

ÅGraph Classification

ïSignificant subgraphs are more efficient than 
frequent subgraphs



Graph Setting



Classification Flowchart
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Experimental Results: Datasets

ÅAIDS dataset

ÅCancer Datasets



Representing molecules as graphs



Time Vs. Frequency



Time vsDB size



Profiling of Computation Cost



Quality of Patterns

ÅSubgraphs mined from AIDS database

ÅSubgraphs mined from molecules active against 
Leukemia 

ïSband Bi are found at a frequency below 1%

ïCurrent techniques unable to scale to such low frequencies



Classification

ÅPerformance Measure: 
Area under ROC Curve 
(AUC)

ÅAUC is between 0 and 1.

ÅHigher the AUC better the 
performance.


