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  Spill	
  

1. Spill a drop of wine on cloth  
2. Spread/diffuse to the neighborhood 
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Intui@on:	
  Why	
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  A	
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  Score?	
  

 
High proximity         many, short, heavy-weighted paths   

 

Prox (A, B) =  
Score (Red Path) +  

   Score (Green Path) +  
Score (Blue Path) + 

     Score (Purple Path) + 
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Rank	
  Minimiza@on	
  and	
  Nuclear	
  Norm	
  

•  Matrix	
  comple@on	
  with	
  rank	
  minimiza@on	
  

•  Convex	
  relaxa@on	
  

4.2.1 Low-Rank Approximation

Rank deficiency is a very common assumption for data-driven analytics based on matrix based rep-
resentations. This assumption is very reasonable as it has been validated on many different types
of real world data including images, videos, text and networks, and it is because of this property
of many real world data it becomes meaningful to perform computational analysis on those data.
Otherwise the complexity of those data would be too high.

One popular research area along this line is Nonnegative Matrix Factorization (NMF), which was
originally proposed with the purpose of approximating a nonnegative matrix with the product of two
low-rank nonnegative matrices. A lot of extensions of NMF have been proposed in recent years to
fit different types of data, such as Tri-NMF, Convex NMF, Semi-NMF and Binary NMF. We will
introduce each of them briefly and talk about their application scenarios.

Another hot research area for low-rank approximation of data matrices we want to talk about is
nuclear-norm approximation. Instead of approximating the data matrix as the product of some small
size matrices, this type of methods directly seek for a low-rank matrix that best matches the original
data matrix on the observed elements and the objective is to directly minimize the rank of such
approximation matrix. Because of the nonconvexity and noncontinuity of the matrix rank function,
nuclear norm, which is the summation of the singular values of a matrix, serves as a good surrogate to
be optimized. We will briefly introduce the concept of nuclear norm and how to do the optimization,
as well as the concept of truncated nuclear norm.

Matrix completion problem

minX rank(X) s.t. Xij = Mij 8(i, j) 2 ⌦ (1)

4.2.2 Sparse Learning

As most of the data are sparse in nature, sparse learning has been a hot research direction in recent
years. The most popular setting for sparse learning is to learn a linear prediction model with sparse
coefficients which best predicts the data outcomes. To enforce the sparsity on model parameters,
we can construct different types of regularizers. In this part we will first introduce the various con-
ventional sparse regularizers including `1, `1,p, elastic net and group/fused LASSO penalty term.
We will also introduce some newly developed structured sparsity regularizers such as tree and graph
types. Finally we will mention one interesting problem. Basically what regularizer should we
choose when we do sparse learning. For example, we may have two complete strategies to enforce
the nonzero elements on the model parameters, one is group lasso type which set parameters cor-
responding to similar variables to nonzero, another is minimum redundancy type which want the
variables with nonzero model parameters to be orthogonal to each other. Then what should we
choose in this scenario?

4.2.3 Temporal Learning

Time is also one important factor for modern data analytics because everything changes over time. In
some applications it is insightful to explore the temporal regularities of the data. Also because of the
data dependency between adjacent time points, it might be more effective and efficient to analyze
the data matrix in one time point by incorporate the information of such data matrix in previous
adjacent time points. In this part we want to introduce two technologies. One is convolutional
matrix factorization which can detect the temporal evolving patterns of the data matrix. The other is
online updating technologies which can efficiently update the analysis results of the data matrices in
adjacent time points, including matrix perturbation theory and stochastic gradient descent.

4.2.4 Large Scale Learning

This is the last but not the least part we want to introduce in the algorithmic section. This is a big
data era and typically matrix based representations will cost a lot of space and the computational
complexity involved is usually high. Therefore large scale matrix based learning attracts consid-
erable interests from data mining community recently. Here we will briefly introduce three types
of technologies, one is parallelization, which aims to divide-and-conquer the big-size problem into
many small pieces and solve them in parallel. Another is online learning, which conquers the large
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4.2.1 Low-Rank Approximation

Rank deficiency is a very common assumption for data-driven analytics based on matrix based rep-
resentations. This assumption is very reasonable as it has been validated on many different types
of real world data including images, videos, text and networks, and it is because of this property
of many real world data it becomes meaningful to perform computational analysis on those data.
Otherwise the complexity of those data would be too high.

One popular research area along this line is Nonnegative Matrix Factorization (NMF), which was
originally proposed with the purpose of approximating a nonnegative matrix with the product of two
low-rank nonnegative matrices. A lot of extensions of NMF have been proposed in recent years to
fit different types of data, such as Tri-NMF, Convex NMF, Semi-NMF and Binary NMF. We will
introduce each of them briefly and talk about their application scenarios.

Another hot research area for low-rank approximation of data matrices we want to talk about is
nuclear-norm approximation. Instead of approximating the data matrix as the product of some small
size matrices, this type of methods directly seek for a low-rank matrix that best matches the original
data matrix on the observed elements and the objective is to directly minimize the rank of such
approximation matrix. Because of the nonconvexity and noncontinuity of the matrix rank function,
nuclear norm, which is the summation of the singular values of a matrix, serves as a good surrogate to
be optimized. We will briefly introduce the concept of nuclear norm and how to do the optimization,
as well as the concept of truncated nuclear norm.

Matrix completion problem

minX rank(X) s.t. Xij = Mij 8(i, j) 2 ⌦ (1)

minX kXk⇤ s.t. Xij = Mij 8(i, j) 2 ⌦ (2)
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4.2.2 Sparse Learning

As most of the data are sparse in nature, sparse learning has been a hot research direction in recent
years. The most popular setting for sparse learning is to learn a linear prediction model with sparse
coefficients which best predicts the data outcomes. To enforce the sparsity on model parameters,
we can construct different types of regularizers. In this part we will first introduce the various con-
ventional sparse regularizers including `1, `1,p, elastic net and group/fused LASSO penalty term.
We will also introduce some newly developed structured sparsity regularizers such as tree and graph
types. Finally we will mention one interesting problem. Basically what regularizer should we
choose when we do sparse learning. For example, we may have two complete strategies to enforce
the nonzero elements on the model parameters, one is group lasso type which set parameters cor-
responding to similar variables to nonzero, another is minimum redundancy type which want the
variables with nonzero model parameters to be orthogonal to each other. Then what should we
choose in this scenario?

L0-norm minimization

minw kwk0
s.t. w 2 C (4)

Mixed boolean Convex Problem

minw,z 1>z

s.t. |wi| 6 Rzi 8i = 1, 2, · · · , d
w 2 C, zi 2 {0, 1} 8i = 1, 2, · · · , d (5)

4.2.3 Temporal Learning

Time is also one important factor for modern data analytics because everything changes over time. In
some applications it is insightful to explore the temporal regularities of the data. Also because of the
data dependency between adjacent time points, it might be more effective and efficient to analyze
the data matrix in one time point by incorporate the information of such data matrix in previous
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  in	
  Distributed	
  

Systems.	
  IEEE	
  TPAMI	
  33(3),	
  568-­‐586.	
  2011.	
  

•  Parallel	
  SVD	
  
–  M.	
  W.	
  Berry,	
  D.	
  Mezher,	
  B.	
  Philippe,	
  and	
  A.	
  Sameh.	
  Parallel	
  Algorithms	
  for	
  the	
  Singular	
  

Value	
  Decomposi@on.	
  In	
  Erricos	
  John:	
  Handbook	
  on	
  Parallel	
  Compu@ng	
  and	
  Sta@s@cs.	
  
htps://www.irisa.fr/sage/bernard/publis/SVD-­‐Chapter06.pdf	
  

•  Parallel	
  Op@miza@on	
  
–  Y.	
  Censor,	
  S.	
  A.	
  Zenios.	
  Parallel	
  Op@miza@on:	
  Theory,	
  Algorithms	
  and	
  Applica@ons.	
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Online	
  Learning	
  

•  Online	
  Matrix	
  Factoriza@on	
  
–  J.	
  Mairal,	
  F.	
  Bach,	
  J.	
  Ponce	
  and	
  G.	
  Sapiro.	
  Online	
  Learning	
  for	
  Matrix	
  Factoriza@on	
  and	
  

Sparse	
  Coding.	
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  of	
  Machine	
  Learning	
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  11.	
  pages	
  19-­‐60.	
  2010.	
  
–  Fei	
  Wang,	
  Chenhao	
  Tan,	
  Chris@an	
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  Ping	
  Li.	
  Online	
  Nonnega@ve	
  Matrix	
  

Factoriza@on	
  for	
  Document	
  Clustering.	
  SDM	
  2011.	
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  Lefèvre,	
  F.	
  Bach,	
  and	
  C.	
  Févote.	
  Online	
  algorithms	
  for	
  Nonnega@ve	
  Matrix	
  

Factoriza@on	
  with	
  the	
  Itakura-­‐Saito	
  divergence.	
  WASPAA	
  2011.	
  

•  General	
  Online	
  Learning	
  
–  Shai	
  Shalev-­‐Shwartz.	
  Online	
  Learning:	
  Theory,	
  Algorithms,	
  and	
  Applica@ons.	
  The	
  Hebrew	
  

University	
  of	
  Jerusalem.	
  PH.d.	
  thesis.	
  July	
  2007.	
  

•  Parallel	
  Online	
  Learning	
  
–  Daniel	
  Hsu,	
  Nikos	
  Karampatziakis,	
  John	
  Langford,	
  Alex	
  Smola.	
  Parallel	
  Online	
  Learning.	
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Matrix	
  Tools	
  vs	
  Applica@ons	
  

Tools	
  
Prox.	
  
LRA	
  

Sparse	
  L’	
  
Large	
  L’	
  

Eigen.	
  Opt.	
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Longitudinal	
  Medical	
  Records	
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• ICD9,	
  DxGroup	
  
• HCC,	
  Hierarchy	
  
• Date	
  of	
  Service	
  

Diagnosis	
  

• CPT	
  
• Date	
  of	
  Service	
  

Procedure	
  

• NDC	
  
• Ingredient	
  
• Days	
  of	
  Supplies	
  
• Date	
  Filled	
  

Pharmacy	
  

• Lab	
  results	
  
• Break	
  down	
  by	
  
age	
  and	
  sex	
  
groups	
  
• Date	
  of	
  test	
  
Lab	
  

• Age	
  
• Gender	
  

	
  	
  

Demography	
  

Patient	
  
Records	
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•  Pa@ent	
  Similarity	
  Learning	
  
•  Risk	
  Factor	
  Iden@fica@on	
  
•  Clinical	
  Patern	
  Detec@on	
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Pa@ent	
  Similarity	
  Assessment	
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Patient	
  
Similarity	
  
Learning	
  

• Generating	
  patient	
  cohorts	
  such	
  that	
  
the	
  patients	
  within	
  the	
  same	
  cohort	
  
are	
  similar	
  to	
  each	
  other	
  

• Explain	
  why	
  they	
  are	
  similar	
  

Physician	
  
feedback	
  

•  Leverage	
  historical	
  data	
  about	
  the	
  similar	
  
patients	
  to	
  diagnose	
  the	
  query	
  patient	
  

• Provide	
  positive/negative	
  feedback	
  about	
  
the	
  similar	
  patient	
  results	
  

Vector	
  Space	
  Model	
  

x1	
 x2	
 xi	
 xd	
[ ]x=	


Patient	
  ProNile	


…	
   …	
  

Summary	
  statistic	
  of	
  the	
  
i-­‐th	
  feature	
  during	
  a	
  
speciBic	
  time	
  period	
  

Locally	
  Supervised	
  Metric	
  Learning	
  (LSML)	
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  Semi-­‐Supervised	
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  2011.	
  
Fei	
  Wang,	
  Changshui	
  Zhang.	
  Feature	
  Extrac@on	
  by	
  Maximizing	
  the	
  Average	
  Neighborhood	
  Margin.	
  CVPR	
  2007.	
  



Online	
  Adjustment	
  of	
  Pa@ent	
  Similarity	
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Physician	
  Decision	
  Support	
  System	
  

How	
  to	
  adjust	
  the	
  learned	
  patient	
  
similarity	
  by	
  incorporating	
  
physician’s	
  feedback	
  in	
  real	
  time?	
  

Learning	
  the	
  distance	
  metric	
  is	
  equivalent	
  
to	
  learn	
  the	
  projection	
  matrix	
  W,	
  which	
  
can	
  be	
  solved	
  by	
  doing	
  eigenvalue	
  
decomposition	
  on	
  

Any	
  physicians’	
  feedback	
  is	
  an	
  increment	
  
on	
  the	
  matrix	
  

EfBicient	
  eigensystem	
  update	
  of	
  a	
  matrix:	
  	
  
matrix	
  perturbation	
  theory	
  

matrix	
   eigensystem	
   perturbation	
  
solution	
  

iMet:	
  interactive	
  Metric	
  Learning	
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  iMet:	
  Interac@ve	
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  Learning	
  in	
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  Applica@ons.	
  SDM	
  2011.	
  



Performance Evaluation 
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Initial	
  Metric:	
  The	
  patient	
  
population	
  was	
  clustered	
  into	
  
10	
  clusters	
  using	
  Kmeans	
  with	
  
the	
  features	
  as	
  counts	
  of	
  the	
  
HCC	
  codes	
  over	
  one	
  year.	
  An	
  
initial	
  distance	
  metric	
  was	
  then	
  
learned	
  using	
  LSML	
  	
  
	
  
Feedback:	
  For	
  each	
  round	
  of	
  
simulated	
  feedback,	
  an	
  index	
  
patient	
  was	
  randomly	
  selected	
  
and	
  20	
  similar	
  patients	
  were	
  
retrieved	
  based	
  on	
  current	
  
distance	
  metric.	
  The	
  feedback	
  is	
  
based	
  on	
  whether	
  these	
  
retrieved	
  patients	
  have	
  the	
  
same	
  label	
  as	
  the	
  index	
  patient	
  
	
  
Performance	
  metric:	
  
precision@position	
  measure	
  
	
  

1

1
1
0
1
0
0

. . . 

Index	
  
patient	
  

Retrieved	
  
patients	
  

Precision	
  @	
  3:	
  2/3	
  =	
  0.67	
  3	
  

Precision	
  @	
  5:	
  3/5	
  =	
  0.6	
  5	
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Integra@ng	
  Mul@ple	
  Physicians’	
  Inputs	
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Different	
  physicians	
  have	
  their	
  own	
  
opinions	
  on	
  patient	
  similarities	
  

Patient	
  Population	
  

How	
  to	
  integrate	
  these	
  
judgments	
  from	
  multiple	
  
physicians	
  to	
  a	
  consistent	
  
similarity	
  measure?	
  	
  
 

Patient Population

Neighborhood 1 Neighborhood m

Expert 1 Expert m

Neighborhood 2

Expert 2 . . .
. . .

. . .

Combining the Objective

Output a Composite Distance Metric

Alternating Optimization

Comdi:	
  Composite	
  Distance	
  integration	
  

Fix        Solve

Optimization Problem

Eigenvalue Decomposition

Euclidean Projection

Fix        Solve
Converge?

N

Output the Metric

Y
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  Fei	
  Wang,	
  Jimeng	
  Sun,	
  Shahram	
  Ebadollahi.	
  Integra@ng	
  Distance	
  Metrics	
  Learned	
  from	
  Mul@ple	
  Experts	
  and	
  its	
  Applica@on	
  
in	
  Inter-­‐Pa@ent	
  Similarity	
  Assessment.	
  SDM	
  2011.	
  



Comdi:	
  Experimental	
  Evalua@on	
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Data:	
  
• 	
  Scale:	
  135	
  k	
  
• 	
  Aggregation	
  period:	
  1	
  year	
  
• 	
  Cohorts:	
  247,	
  select	
  30	
  
• 	
  Feature:	
  HCC	
  codes	
  

Experimental	
  Setting:	
  
• 	
  	
  Share	
  versions:	
  learning	
  on	
  
all	
  30	
  cohorts	
  
• 	
  	
  Individual	
  versions:	
  
learning	
  on	
  1	
  cohort	
  

Observations:	
  
• 	
  Shared	
  version	
  perform	
  better	
  
than	
  individual	
  versions	
  
• 	
  Comdi	
  is	
  comparable	
  to	
  LSML,	
  
which	
  is	
  the	
  best	
  among	
  sharing	
  
versions	
  	
  

0.5
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•  Pa@ent	
  Similarity	
  Learning	
  
•  Risk	
  Factor	
  Iden@fica@on	
  
•  Clinical	
  Patern	
  Detec@on	
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Scalable	
  Orthogonal	
  Regression	
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  SOR:	
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  Orthogonal	
  
Regression	
  for	
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  Selec@on	
  and	
  its	
  Healthcare	
  Applica@ons.	
  SDM	
  2012.	
  



Scalability	
  Comparison	
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AUC	
  Comparison	
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Augmented	
  SOR	
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Performance	
  of	
  aSOR	
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Finding	
  Relevance:	
  Mining	
  Clinical	
  Notes	
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Identified 
Symptoms 

Clinical Notes Symptom 
Identification 

Graph 
Construction 

RWR 
Symptom 
Expansion 

Symptom 
Graphs 

Related 
symptoms 

Initial 
symptoms 

SOAP sections of a Clinical Note Output 
Input 

Input 

P.	
  Sondhi,	
  J.	
  Sun,	
  H.	
  Tong,	
  C.	
  Zhai:	
  SympGraph:	
  a	
  framework	
  for	
  mining	
  clinical	
  notes	
  through	
  
symptom	
  rela@on	
  graphs.	
  KDD	
  2012	
  



Mining	
  Clinical	
  Notes:	
  Symptom	
  Expansion	
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Key Idea: Symptom Expansion à graph node proximity.  
i.e., which symptoms are most relevant to initial 
symptoms?  

Heart	
  
A6ack	
  

Rales	
  

Cough	
  

Wheezing	
  

Chest	
  
Pain	
  

Fever	
  
Ankle	
  
Edema	
  

Initial Initial 

Expanded 

Expanded 

Expanded 
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Evalua@ons	
  
[Parikshit+	
  KDD	
  2012]	
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CHF	
  Predic@on	
  (AUC)	
  

Framingham	
  Symptom	
  Expansion	
  

Evaluation Details: 
 
Experts: 2; 175 symptoms judged 
 
Relevant: 72 ,  Irrelevant: 103 
Inter-annotator agreement : 81.8%  
 

Symptoms labeled as related by 
both experts were considered as 
relevant.  

Evaluation Details: 

CHF： affecting 1 out of 5 adults 
in US;  most costly in CMS 
Framingham, 1971 à 50s, 60s 



•  Pa@ent	
  Similarity	
  Learning	
  
•  Risk	
  Factor	
  Iden@fica@on	
  
•  Clinical	
  Patern	
  Detec@on	
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Matrix	
  Representa@on	
  of	
  a	
  Pa@ent	


61 May	
  1st-­‐4th,	
  2013	
  	
   SDM	
  2013,	
  Aus@n,	
  Texas	
  

Fei	
  Wang,	
  Noah	
  Lee,	
  Jianying	
  Hu,	
  Jimeng	
  Sun,	
  Shahram	
  Ebadollahi.	
  	
  Towards	
  Heterogeneous	
  Temporal	
  Clinical	
  Event	
  Patern	
  
Discovery:A	
  Convolu@onal	
  Approach.	
  KDD	
  2012.	
  
Fei	
  Wang,	
  Noah	
  Lee,	
  Jianying	
  Hu,	
  Jimeng	
  Sun,	
  Shahram	
  Ebadollahi.	
  A	
  Framework	
  for	
  Mining	
  Signatures	
  from	
  Event	
  
Sequences	
  and	
  Its	
  Applica@ons	
  in	
  Healthcare	
  Data.	
  TPAMI	
  2012.	
  



Temporal	
  Paterns	
  in	
  Longitudinal	
  
Pa@ent	
  Records	
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One-­‐Side	
  Convolu@on	
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One-­‐Side	
  Convolu@onal	
  NMF	


64 May	
  1st-­‐4th,	
  2013	
  	
   SDM	
  2013,	
  Aus@n,	
  Texas	
  



Mul@plica@ve	
  Updates	
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A	
  Synthe@c	
  Example	
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An	
  Evalua@on	
  Case	
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Bag-­‐of-­‐Patern	
  Representa@on	
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  [	
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  [	
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  1	
  	
  	
  2	
  ]	


	
  	
  	
  [	
  0	
  	
  	
  3	
  	
  	
  1	
  	
  	
  0	
  ]	
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Results	
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Applica@ons	
  in	
  Social	
  Informa@cs	
  

•  Finding	
  Complex	
  User	
  Paterns	
  
•  (Matrix-­‐based)	
  Anomaly	
  Detec@on	
  
•  Influence	
  and	
  Virus	
  Propaga@on	
  

71	
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Finding	
  Commonality:	
  Center-­‐Piece	
  Subgraph	
  Discovery	
  	
  
[Tong+	
  KDD06,	
  VLDB06,	
  TKDE13]	
  

Q: Who is the most central node 
wrt the black nodes?  

(e.g., master-mind criminal, common 
advisor/collaborator, etc) 

B	
  

A	
  

C	
  

•  Given:	
  a	
  graph	
  W,	
  and	
  a	
  query	
  set	
  	
  
•  Find:	
  the	
  most	
  central	
  node	
  (wrt	
  the	
  query	
  set)	
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3-­‐73	
  

B	
  

A	
  

C	
   B	
  

A	
  

C	
  

Q: How to find hub for nodes A, B, C? 
Our Solution: Max (Prox(A, Red) x Prox(B, Red) x Prox(C, Red)) 

Input: original graph Output: CePS 

CePS Node 

Center-­‐Piece	
  Subgraph	
  Discovery	
  	
  
[Tong+	
  KDD06,	
  VLDB06,	
  TKDE13]	
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DBLP co-authorship network:  
- 400,000 authors, 2,000,000 edges 

Code at: http://www.cs.cmu.edu/~htong/soft.htm 

?	
  

CePS:	
  Example	
  (AND	
  Query)	
  



CePS:	
  Example	
  (AND	
  Query)	
  

R. Agrawal Jiawei Han

V. Vapnik M. Jordan

H.V. 
Jagadish

Laks V.S. 
Lakshmanan

Heikki 
Mannila

Christos 
Faloutsos

Padhraic 
Smyth

Corinna 
Cortes

15 10 13

1 1

6

1 1

4 Daryl 
Pregibon

10

2

1
1 3

1
6
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DBLP co-authorship network:  
- 400,000 authors, 2,000,000 edges 

Code at: http://www.cs.cmu.edu/~htong/soft.htm 
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Tom	
  M.	
  
Mitchell	
  

Seán	
  
Sla6ery	
  

Rayid	
  
Ghani	
  

Xuerui	
  
Wang	
  

Rebecca	
  
Hutchinson	
  

Jian	
  Zhang	
  

Zoubin	
  
Ghahramani	
  

John	
  D.	
  
LaUerty	
  

2 
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2 
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1 
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1 

1 

2 

1 

Nega@on:	
  CePS	
  -­‐	
  Ini@al	
  Result	
  	
  
[ICDM08,	
  CIKM09]	
  

CePS between “Andrew Mccallum” and “Yiming Yang”  

Text Mining 

Statistics 
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Rong	
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Jian	
  Zhang	
  

Zoubin	
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  D.	
  
LaUerty	
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1 1 6 
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Fernando	
  
C.N.	
  Pereira	
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4 

2 

2 
1 

4 

2 

2 

3 
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Nega@on:	
  CePS	
  –	
  Auer	
  Feedback	
  	
  
[ICDM08,	
  CIKM09]	
  

CePS between “Mccallum” and “Yang”, avoiding “Mitchell” 
en@re	
  ‘Text’	
  connec@on	
  gone,	
  and	
  more	
  connec@ons	
  on	
  ‘Sta@s@cs’	
  



Best-­‐Effort	
  Patern	
  Match	
  [Tong+	
  KDD	
  2007]	
  

78	
  

Ø  7.5% of U.S. adults lost money for financial fraud 
Ø  50%+ US corporations lost >= $500,000 

§  e.g., Enron ($70bn) [Albrecht+ 2001] 
Ø  Total cost of financial fraud: $1trillion [Ansari 2006] 

How to detect abnormal 
transaction patterns? 

(e.g., money-laundering ring) 

: Anonymous accounts 
: Anonymous banks 

Legends: 



Output Input 

Data Graph 

Query Graph 

Matching Subgraph 
Accountant

CEO

Manager

SEC

Q: How to find matching subgraph? 
A: Proximity![Tong+ KDD 2007 b] 

W4. Best-Effort  
Pattern Match 



G-Ray: How to? 

matching node 

matching node 

matching node 

matching node 

Goodness = Prox (12, 4) x Prox (4, 12) x 
                     Prox (7, 4) x Prox (4, 7) x 
                    Prox (11, 7) x Prox (7, 11) x 
                   Prox (12, 11) x Prox (11, 12)  
   

80 May 1st-4th, 2013  SDM 2013, Austin, Texas 



Effectiveness: star-query  

Query  Result 

Databases 

Bio-medical Intelligent Agent 

81 May 1st-4th, 2013  SDM 2013, Austin, Texas 



Problem Definitions 
§ Given: (1) A social network A; (2) The skill indicator for each 

person S; (3) a Team T; and (4) A team member; 
§ Find: A “best” alternate t to replace i’s role in the team T. 

1 

2 
8 

9 

3 
4 

5 6 
7 

C
ur

re
nt

 T
ea

m
 T

 

Q: Who is the best alternative of `5’ in T ? 
A: Team-Aware Similarity! 

82 

Team Replacement [Tong+ SDM12b, WIDS12] 

82	
  May 1st-4th, 2013  SDM 2013, Austin, Texas 



Key Observation: Graph Kernel à Team-Aware Similarity 

Our Contributions: A Family of Fast Algorithms for Random 
Walk based Graph Kernel. 

Input Graphs  Time Complexity  
(Our methods) 

Time Complexity  
(Existing methods) 

Normalized, 
unlabelled 

O(n2r4+r6+mr) O(n3) 

Unnormalized
, unlabelled 

O(nr+r2+mr) O(n3) 

Normalized, 
labelled 

O(dnn2r4+r6+mr) 
 

O(m2iF) 
 

Unnormalized
, labelled 

O(dnn2r4+r6+mr) O(m2iF) 

efficiency 

accuracy 

Team Replacement 

Empirical Evaluations Complexity Comparison 
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Sense-­‐Making	
  of	
  Marked	
  Nodes	
  [Akoglu+	
  SDM	
  2013]	
  

(a) Too many connections? 

(b) Too few connections? 

(c) Our sol.: ‘right’ connections  
    à better sense-making 

+ ‘right’ connections =  most  succinct 
way to describe marked nodes 
 
+ MDL-based formulation, NP-Hard 
 

+ Effective Approximate Algorithms  
May	
  1st-­‐4th,	
  2013	
  	
   SDM	
  2013,	
  Aus@n,	
  Texas	
  L. Akoglu, J. Vreeken, H. Tong, D. Chau, N. Tatti, and C. Faloutsos： Mining Connection Pathways 

for Marked Nodes in Large Graphs. SDM 2013 



Applica@ons	
  in	
  Social	
  Informa@cs	
  

•  Finding	
  Complex	
  User	
  Paterns	
  
•  (Matrix-­‐based)	
  Anomaly	
  Detec@on	
  
•  Influence	
  and	
  Virus	
  Propaga@on	
  

85	
  May	
  1st-­‐4th,	
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Graph	
  Anomalies	
  by	
  Low-­‐Rank	
  
Approxima@on	
  

Q:	
  How	
  to	
  get	
  the	
  low-­‐rank	
  matrix	
  approxima@ons?	
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Graph	
  Anomalies	
  by	
  Low-­‐Rank	
  
Approxima@on	
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Q:	
  How	
  to	
  get	
  the	
  low-­‐rank	
  matrix	
  approxima@ons?	
  
A1:	
  Example-­‐based	
  LRA	
  
A2:	
  Non-­‐nega@ve	
  Residual	
  Matrix	
  Factoriza@on	
  



A1:	
  Example-­‐Based	
  LRA	
  
•  Why	
  Not	
  SVD,	
  PCA?	
  	
  both	
  transform	
  data	
  into	
  
some	
  abstract	
  space	
  (specified	
  by	
  a	
  set	
  basis)	
  
–  Interpretability	
  problem	
  
– Loss	
  of	
  sparsity	
  (space	
  cost)	
  
– Efficiency	
  (@me	
  cost)	
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•  Example-­‐based	
  projec@on:	
  use	
  actual	
  rows	
  and	
  
columns	
  to	
  specify	
  the	
  subspace	
  

•  Given	
  a	
  matrix	
  A∈Rm×n,	
  find	
  three	
  matrices	
  C∈	
  Rm×c,	
  U∈	
  
Rc×r,	
  R∈	
  Rr×	
  n	
  ,	
  such	
  that	
  ||A-­‐CUR||	
  is	
  small	
  

•  Two	
  recent	
  variants:	
  	
  
–  CMD:	
  removing	
  duplicates	
  	
  
–  Colibri:	
  removing	
  linear	
  correla@ons	
  (and	
  tracking) 

C

    RX
m

n

r

c

 

Am

n

Example-based 
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A1:	
  Example-­‐Based	
  LRA	
  	
  -­‐-­‐	
  CUR/CX	
  

U is the pseudo-inverse of X: U = X† = (UT U )-1 UT 

H. Tong, S. Papadimitriou, J. Sun, P.S. Yu, C. Faloutsos: Colibri: fast mining of large static and dynamic graphs. KDD 2008 
J. Sun, Y. Xie, H. Zhang, C. Faloutsos: Less is More: Compact Matrix Decomposition for Large Sparse Graphs. SDM 2007 
P. Drineas, R. Kannan, M.W. Mahoney: Fast Monte Carlo Algorithms for Matrices II: Computing a Low-Rank Approximation to a Matrix. SIAM 
J. Comput. (SIAMCOMP) 2006 



A	
  Pictorial	
  Comparison	
  

May	
  1st-­‐4th,	
  2013	
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SVD	
  

CMD	
  
[Sun+	
  2007]	
   Colibri-­‐S	
  

[Tong+	
  2008]	
  

CUR	
  	
  	
  	
  
[Drineas+	
  2005]	
  

#	
  of	
  copies	
  



Performance	
  Comparison	
  

Time Space Colibri 

CUR CUR 

CMD 
CMD 

91	
  

      

SVD SVD 

•  Accuracy	
  
•  Same	
  91%+	
  

•  Time	
  
•  12x	
  of	
  CMD	
  
•  28x	
  of	
  CUR	
  

•  Space	
  
•  ~1/3	
  of	
  CMD	
  
•  ~10%	
  of	
  CUR	
  

Colibri 

May	
  1st-­‐4th,	
  2013	
  	
  



A2:	
  Non-­‐nega@ve	
  Residual	
  MF	
  
•  Observa@ons:	
  	
  anomalies	
  ßà	
  actual	
  ac@vi@es	
  
•  Examples:	
  popularity	
  contest,	
  port	
  scaner,	
  etc	
  
•  NrMF	
  formula@on	
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  Non-­‐negaCve	
  residual	
  

Weighted	
  Frobenius	
  Form	
  

Weight Common	
  in	
  Any	
  MF 

Unique	
  in	
  NrMF	
  

H.	
  Tong,	
  C.	
  Lin:	
  Non-­‐Nega@ve	
  Residual	
  Matrix	
  Factoriza@on	
  with	
  Applica@on	
  to	
  Graph	
  Anomaly	
  
Detec@on.	
  SDM	
  2011	
  



Visual	
  Comparisons	
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SVD	
  Original	
   NrMF	
   SVD	
  Original	
   NrMF	
  



Applica@ons	
  in	
  Social	
  Informa@cs	
  

•  Finding	
  Complex	
  User	
  Paterns	
  
•  (Matrix-­‐based)	
  Anomaly	
  Detec@on	
  
•  Influence	
  and	
  Virus	
  Propaga@on	
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An	
  Example:	
  Flu/Virus	
  Propaga@on	
  
Healthy Sick 

 Contact 

1: Sneeze to neighbors 
2: Some neighbors à Sick 
3: Try to recover 

Q: How to minimize infected population? 
    - Q1: Understand tipping point 
    - Q2: Affecting algorithms 
May	
  1st-­‐4th,	
  2013	
  	
   SDM	
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Why	
  Do	
  We	
  Care? 

Rumor Prop on Twitter in UK riots 

Email Fwd in Organization  

Malware Infection Viral Marketing SDM	
  2013,	
  Aus@n,	
  Texas	
   96	
  



SIS	
  Model	
  (e.g.,	
  Flu)	
  

pt+1 = H (pt) 

Theorem [Chakrabarti+ 2003, 2007]:  
  Ifλ x (β/δ) ≤ 1;  no epidemic  
  for any initial conditions of the graph) 
    , δ : virus par 

Infection R
atio 

Time Ticks 

May	
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     λ: largest eigenvalue of the graph (~ connectivity of the graph) 
     β, δ : virus parameters (~strength of the virus) 
     Generalize to ~ 25 other models; to partial immunity; to dynamic networks 



Why	
  is	
  λ	
  So	
  Important?	
  

May	
  1st-­‐4th,	
  2013	
  	
   SDM	
  2013,	
  Aus@n,	
  Texas	
   98	
  

•  λ	
  à	
  Capacity	
  of	
  a	
  Graph:	
  

Larger λ à better connected 

1	
   1	
  

1	
  

2	
  
2	
  

2	
  



Minimizing	
  Propaga@on:	
  Immuniza@on	
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• Given: a graph A, virus prop model and budget k;  
• Find: k ‘best’ nodes for immunization. 
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  SARS costs 700+ lives; $40+ Bn; H1N1 costs Mexico $2.3bn 
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• Given: a graph A, virus prop model and budget k;  
• Find: k ‘best’ nodes for immunization. 

Minimizing	
  Propaga@on:	
  Immuniza@on	
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Op@mal	
  Method	
  
•  Select	
  k	
  nodes,	
  whose	
  absence	
  creates	
  the	
  
largest	
  drop	
  in	
  λ 

1	
  

9	
  

10	
  

3	
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7	
  

8	
  

6	
  

2	
  

9	
  

1	
  

11	
  

10	
  

3	
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6	
  

7	
  

8	
  

2	
  

9	
  

 Original Graph: λ Without {2, 6}: λs 

λ-λs	
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Op@mal	
  Method	
  

•  Select	
  k	
  nodes,	
  whose	
  absence	
  creates	
  the	
  
largest	
  drop	
  in	
  λ 

•  But,	
  we	
  need	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  in	
  @me	
  
–  	
  Example:	
  1,000	
  nodes,	
  with	
  10,000	
  edges	
  	
  

•  It	
  takes	
  0.01	
  seconds	
  to	
  compute	
  λ 
•  It takes 2,615 years to find best-5 nodes	
  !	
  

102	
  

Largest eigenvalue  
w/o subset of nodes S 

λ-λs	
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Theorem:	
  (Tong+	
  CIKM	
  2012)	
  
Find	
  Op@mal	
  k-­‐node	
  Immuniza@on	
  is	
  NP-­‐Hard	
  



Netshield	
  to	
  the	
  Rescue	
  

A	
   u	
   =λ X   

u(i): eigen-score 

u	
  

Theorem:	
  (Tong+	
  2010)	
  
(1)	
  λ	
  -­‐	
  λs≈Sv(S)=	
  ∑iєS	
  2λu(i)2-­‐∑i,jєS	
  A(i,j)u(i)u(j)	
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   103	
  Footnote: u(i) ~ PageRank(i)  ~ in-degree(i) 



   Netshield	
  to	
  the	
  Rescue	
  

•  find	
  a	
  set	
  of	
  nodes	
  S	
  (e.g.	
  k=4),	
  which	
  
–  	
  (C1)	
  each	
  has	
  high	
  eigen-­‐scores	
  
–  	
  (C2)	
  diverse	
  among	
  themselves	
  

Theorem:	
  (Tong+	
  2010)	
  
(1)	
  λ	
  -­‐	
  λs≈Sv(S)=	
  ∑iєS	
  2λu(i)2-­‐∑i,jєS	
  A(i,j)u(i)u(j)	
  
 

Intui@on	
  

Original Graph Select by C1 Select by C1+C2 



Netshield	
  to	
  the	
  Rescue	
  

 

•  Example:	
  	
  1,000	
  nodes,	
  with	
  10,000	
  edges	
  	
  
– Netshield  takes < 0.1 seconds to find best-5 nodes	
  !	
  
–  	
  …	
  as	
  opposed	
  to	
  2,615 years	
  

105	
  

Theorem:	
  (Tong+	
  ICDM	
  2010)	
  
(1)	
  λ	
  -­‐	
  λs≈Sv(S)=	
  ∑iєS	
  2λu(i)2-­‐∑i,jєS	
  A(i,j)u(i)u(j)	
  
	
  

(2)	
  Sv(S)	
  is	
  sub-­‐modular	
  (+monotonically	
  non-­‐decreasing)	
  

Corollary:	
  (Tong+	
  ICDM	
  2010)	
  
(3)	
  Netshield	
  is	
  near-­‐op@mal	
  (wrt	
  max	
  Sv(S))	
  
(4)	
  Netshield	
  is	
  O(nk2+m)	
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  Footnote: near-optimal means Sv(S Netshield) >= (1-1/e) Sv(S Opt) 



Comparison	
  of	
  Immuniza@on	
  

(better) 
Log(fraction of infected nodes) 

Time Ticks 

Netshield 

Degree 

Abnormality 

PageRank 

Eigs	
  (=HITS)	
  
Acquaintance 

Between (short) 

Between (RW) 

May	
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Hospital	
  Infec@on	
  Controlling	
  	
  
(US-­‐Medicare	
  Network)	
  

Current Method Out Method 

Red: Infected Hospitals after 365 days 

Using a variant of Netshield (adapting to partial immunity) 
B.A. Prakash, L. Adamic, T. Iwashynaz, H. Tong and C. Faloutsos: Fractional Immunization in Networks. SDM 2013. 



Maximizing	
  Propaga@on:	
  Edge	
  Addi@on	
  
[Tong+	
  CIKM	
  2012]	
  

• Given: a graph A, virus prop model and budget k;  
• Find: add k ‘best’ new edges into A. 

•  By	
  1st	
  order	
  perturba@on,	
  we	
  have	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  λs	
  -­‐	
  λ	
  ≈Gv(S)=	
  c	
  ∑eєS	
  u(ie)v(je)	
  

•  So,	
  we	
  are	
  done	
  à	
  need	
  O(n2-­‐m)	
  complexity	
  

Left eigen-score  
of source 

Right eigen-score  
of target 

Low Gv 
High Gv May	
  1st-­‐4th,	
  2013	
  	
   SDM	
  2013,	
  Aus@n,	
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Maximizing	
  Propaga@on:	
  Edge	
  Addi@on	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  λs	
  -­‐	
  λ	
  ≈Gv(S)=	
  c	
  ∑eєS	
  u(ie)v(je)	
  
•  Q:	
  How	
  to	
  Find	
  k	
  new	
  edges	
  w/	
  highest	
  Gv(S)	
  ?	
  
•  A:	
  Modified	
  Fagin’s	
  algorithm	
  

k 

k 

#3: 
Search 
space k+d 

k+d 

Search 
space 

:existing edge Time Complexity: O(m+nt+kt2), t =  max(k,d) 

#1: Sorting  
Sources by u 

#2: Sorting  
Targets by v 



Maximizing	
  Propaga@on:	
  Evalua@on 

Time Ticks 

Log (Infected Ratio) 

(better) 
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Influence	
  &	
  Virus	
  Propaga@on:	
  Summary	
  
•  Goal:	
  Guild	
  Dissemina@on	
  by	
  Opt.	
  Link	
  Structure	
  

•  Theory:	
  Opt.	
  Dissemina@on	
  =	
  Opt.	
  λ	
  

•  Algorithms:	
  
–  Netshield	
  to	
  Minimize	
  Dissemina@on	
  
–  NetGel	
  to	
  Maximize	
  Dissemina@on	
  

•  More	
  on	
  This	
  Topic	
  
–  Beyond	
  Link	
  Structure	
  (content,	
  atribute)	
  [WWW11]	
  
–  Beyond	
  Full	
  Immunity	
  [SDM13b]	
  
–  Higher	
  Order	
  Variants	
  [CIKM12a]	
  
–  Equivalence	
  (node	
  dele@on	
  vs.	
  edge	
  dele@on)	
  [CIKM12a]	
  
–  Immuniza@on	
  on	
  Dynamic	
  Graphs	
  [PKDD10]	
   111	
  



Conclusion	
  &	
  Remarks	
  

Tools	
  
Prox.	
  
LRA	
  

Sparse	
  L’	
  
Large	
  L’	
  

Eigen.	
  Opt.	
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Conclusion	
  

•  Recent	
  Advances	
  in	
  Applied	
  Matrix	
  
Technologies	
  
– Low	
  rank	
  approxima@on	
  
– Sparse	
  learning	
  
– Large	
  scale	
  learning	
  

•  Applica@ons	
  in	
  healthcare	
  informa@cs	
  
•  Applica@ons	
  in	
  social	
  informa@cs	
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Matrices	
  in	
  Social	
  Networks	
  [Koutra+	
  2013]	
  

Same	
  or	
  “similar”	
  users?	
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  1st-­‐4th,	
  2013	
  	
  

Research	
  Qs:	
  Can	
  we	
  iden@fy	
  users	
  across	
  social	
  networks?	
  
Matrices:	
  rows/columns:	
  people;	
  entries:	
  friendship	
  
Matrix	
  Tools:	
  graph	
  alignment	
  



Matrices	
  in	
  Healthcare	
  

How	
  to	
  iden@fy	
  clinically	
  similar	
  pa@ents?	
  
	
  
How	
  to	
  u@lize	
  EMR	
  data	
  to	
  perform	
  
predic@ve	
  modeling?	
  
	
  
How	
  to	
  characterize	
  the	
  progression	
  
course	
  of	
  a	
  specific	
  disease?	
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Recent	
  Advance	
  #3:	
  Prox.	
  on	
  H.	
  Networks	
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  T.	
  Wu:	
  PathSim:	
  Meta	
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  Top-­‐K	
  Similarity	
  Search	
  in	
  Heterogeneous	
  Informa@on	
  
Networks.	
  PVLDB	
  2011	
  
K.	
  Chiang,	
  N.	
  Natarajan,	
  A.	
  Tewari,	
  I.	
  S.	
  Dhillon:	
  Exploi@ng	
  longer	
  cycles	
  for	
  link	
  predic@on	
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  signed	
  networks.	
  CIKM	
  2011	
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PathSim	
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RWR:	
  Path	
  w/	
  Different	
  Length	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Meta	
  Path:	
  Path	
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  Different	
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Recent	
  Advance	
  #4:	
  Scale-­‐Up	
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Storage Savings 

Running Time Savings Scalability (# of Machine)  

Scalability (size of graph)  

Recent	
  Advance	
  #4:	
  Scale-­‐Up	
  

U.	
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  Tong,	
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  Sun,	
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  Lin,	
  C.	
  Faloutsos:	
  GBASE:	
  a	
  scalable	
  and	
  general	
  graph	
  management	
  system.	
  KDD	
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Learning	
  W:	
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•  w:	
  the	
  parameter	
  to	
  learn	
  

•  h:	
  loss	
  func+on	
  to	
  penalize	
  the	
  viola+on	
  

v3	
  

v1	
   v2	
  

s	
  

posi@ve	
  examples	
  
nega@ve	
  examples	
  

	
  s:	
  be	
  the	
  center	
  node;	
  l:	
  des@na@on;	
  d:	
  no-­‐link	
  
	
  edge	
  strength	
  auv = fw(u,v) = exp(-wTΨuv) 
	
  feature	
  vector	
  	
  Ψuv	
  	
  (Features	
  of	
  node	
  u; Features	
  of	
  node	
  v; Features	
  of	
  edge	
  (u,v) 
 Thanks to Jure Leskovec: Social Media Analytics (KDD '11 tutorial) 
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i	
  

i	
   i	
  

i	
  

i	
  

i	
   i	
  

i	
  

Prox (deleted) >> Prox (absent) ! 

Link Prediction 

Footnote:  
   - Red pair: ``deleted’’;  
   - Blue pair: ``absent’’ 
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Experimental	
  se�ng	
  
•  Node	
  and	
  Edge	
  features	
  for	
  learning:	
  

– Node:	
  	
  
•  Age;	
  Gender;	
  Degree	
  

– Edge:	
  
•  Age	
  of	
  an	
  edge;	
  Communica@on;	
  Profile	
  visits;	
  Co-­‐tagged	
  photos	
  

•  Baselines:	
  
– Decision	
  trees	
  and	
  logis@c	
  regression:	
  

•  Above	
  features	
  +	
  10	
  network	
  features	
  (PageRank,	
  common	
  
friends)	
  

•  Evalua@on:	
  	
  
– AUC	
  and	
  precision	
  at	
  Top20	
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Thanks to Jure Leskovec: Social Media Analytics (KDD '11 tutorial) 



Results:	
  Facebook	
  Iceland	
  
•  Facebook:	
  predict	
  
future	
  friends	
  
– Adamic-­‐Adar	
  
already	
  works	
  
great	
  

–  Logis@c	
  
regression	
  also	
  
strong	
  

–  SRW	
  gives	
  slight	
  
improvement	
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Thanks to Jure Leskovec: Social Media Analytics (KDD '11 tutorial) 



Results:	
  Co-­‐authorship	
  
•  Arxiv	
  Hep-­‐Ph	
  
collabora@on	
  
network:	
  
–  Poor	
  performance	
  
of	
  unsupervised	
  
methods	
  

–  Logis@c	
  regression	
  
and	
  decision	
  trees	
  
don’t	
  work	
  to	
  well	
  

–  SRW	
  gives	
  10%	
  
boos	
  in	
  Prec@20	
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Thanks to Jure Leskovec: Social Media Analytics (KDD '11 tutorial) 



Compu@ng	
  CePS	
  Score	
  (AND)	
  

Normalized adj. 
matrix : W 

Proximity matrix:  
Q=(I-cW)-1 

rA 

CePS Score:  
rceps=    x    x  rA rB rC 

rB rC 

details	
  

=   x  x 
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Graph	
  Anomalies	
  by	
  Proximity	
  	
  
[Sun+	
  ICDM	
  2005]	
  

Normality Score 

Normality Score = Average proximity among neighbors 
à Essentially tries to find bridging nodes/edges 

abnormal 

normal 
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Graph	
  Anomalies	
  by	
  Proximity	
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Query	
  Graph 

Transac@on	
  Network 

Resul@ng	
  Matching	
  subgraph 

Given:	
  a	
  query	
  graph	
  (patern)	
  
Find:	
  best	
  matching	
  subgraph	
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Blue	
  Node:	
  anonymous	
  account;	
  Purple	
  Node:	
  Anonymous	
  banks;	
  Edge:	
  Transac@on	
  
H.	
   Tong,	
   C.	
   Faloutsos,	
   B.	
   Gallagher,	
   T.	
   Eliassi-­‐Rad:	
   Fast	
   best-­‐effort	
   patern	
   matching	
   in	
   large	
  
atributed	
  graphs.	
  KDD	
  2007	
  



Graph	
  Anomalies	
  by	
  Belief	
  
Propaga@on	
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The	
  bad	
  guys	
  (humans)	
  
create	
  2	
  types	
  of	
  users	
  

–  Accomplice	
  
•  Trade	
  mostly	
  with	
  
honest	
  users	
  

•  Looks	
  legi@mate	
  
–  Fraudster	
  

•  Trade	
  mostly	
  with	
  
accomplices	
  

•  Don’t	
  trade	
  with	
  
other	
  fraudsters	
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Node:	
  account;	
  Edge:	
  Posi@ve	
  Ra@ng.	
  (Graph	
  constructed	
  from	
  e-­‐bay	
  on-­‐line	
  auc@on	
  data)	
  
	
   S.	
   Pandit,	
   D.	
   H.	
   Chau,	
   S.	
  Wang,	
   C.	
   Faloutsos:	
  Netprobe:	
   a	
   fast	
   and	
   scalable	
   system	
   for	
   fraud	
  
detec@on	
  in	
  online	
  auc@on	
  networks.	
  WWW	
  2007:	
  201-­‐210	
  


