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The problem is non-convex. The global optimum is unknown
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Input: A set R of relation matrices R;;; constraint matrices e®)
for t € {1,2,..., max; t;}; ranks ki, ko,..., ky (i,5 € [r]).
Output: Matrix factors S and G.

1) Initialize G; forz =1,2,...,r.

. 2) Repeat until convergence: '
a r I ‘ e Construct R and G using their definitions in Eq. (1) and shared
Eq (3) factors

. . Update S using:
SO' Ut|Or\: D S« (GTG)"'GTRG(GTG) L.

Set G¥) «~ 0 fori=1,2,...,r.

Set G\ «— 0 fori=1,2,...,r.
For R;; € R:

G +=
G 4=
G\ 1=
G\Y 4=

R;;G;S;)" + Gi(Si;G; G;S/)~
R;;G;S;;)” + Gi(SijG?stg;)—'_
R G;Si;)" + G;(S],G/ G;S;;)~

R;?;Gisij)— + Gj(s;?;GfGisijﬁ (10)

(
(
(
(

FOI’tZl,Q,...,maXitZ‘Z

G += ©Y)]"G; fori=1,2,... 7

1

G 4= [@Y1tG; fori=1,2,....,r (11)

Construct G as:

c© | g (e)
G « G o Diag( (1d), —a) Gz“d)), (12)
G} G, G,

where o denotes the Hadamard product. The /- and — are
entry-wise operations.
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Theorem 1 (Correctness of DFMFE algorithm): If the update rules for matrix
factors G; and S;; from the DFMF algorithm converge, then the final solution
satisfies the Karush-Kuhn-Tucker conditions of optimality:.
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Solution: DFMF Algorithm

Many
shared
factors

Theorem 1 (Correctness of DFMFE algorithm): If the update rules for matrix
factors G; and S;; from the DFMF algorithm converge, then the final solution
satisfies the Karush-Kuhn-Tucker conditions of optimality:.

Theorem 2 (Convergence of DFMF algorithm): The objective function:

L;
' T2 T ()
Gigl(l)flsij Z HRZ] _GiSijGj HFro—I_ 54 SJtr(Gi @z Gz)
R;;€R ®;cC =1

1s nonincreasing under the updating rules for matrix factors G; and S;; given

by DFMEF algorithm.
Marinka Zitnik - PhD Thesis
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Dictyostelium Bacterial Gene Hunt

A data-driven approach

14 data sources
4 Gram- seed genes
9 candidate genes
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Zitnik et al Scientific Reports 2013

Predicting drug toxicity

Zitnik & Zupan Systems Biomedicine 2014 (CAMDA Award)

Predicting gene functions

‘ Zitnik & Zupan In PSB 2014

Predicting cancer survival

Zitnik & Zupan Systems Biomedicine 2015 (CAMDA Award)

[— I
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Key |dea: Transfer of Knowledge

Heterogeneous data domain space




Transfer of Knowledge:
Another Example

Network Inference from Mixed Data
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e AN

Direct inference /\'
N(g1) ={g9: € V\{g1} : sim(g1,9:) > T} \

threshold value
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e AN

Direct inference /\'
N(g1) ={g9: € V\{g1} : sim(g1,9:) > T} \

threshold value

Model-based inference

g1 = baga + 0393 + 0494 + 0595 + - - - + 0,9y,
N(g1) =19: € V\{g1}: 0; # 0}

- w» Model parameters

Marinka Zitnik - PhD Thesis
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Mixed Data

RNA-seq count data
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count transcripts
mapped to genomic
locations
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Mixed Data

RNA-seq count data

count transcripts
% mapped to genomic
locations
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Mixed Data

Somatic mutations
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Single base substitution
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Mixed Data

Somatic mutations
RNA-seq count data \ \
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Network Inference from Mixed Data

Po(X) eXP(Z Og0q(Xg) + Z OghPgn(Xg, Xn))
gev (g,h)EE
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Network Inference from Mixed Data

X = (X1, Xo,...,X,), X, is an object of interest

/'
Po(X) eXP(Z Og0q(Xg) + Z OghPgn(Xg, Xn))
gev (g,h)EE
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Network Inference from Mixed Data

Po(X) eXP(Z Og0q(Xg) + Z OghPgn(Xg, Xn))

geV (9,h)EE
Nodes Edges
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Network Inference from Mixed Data

g = Uy
Object weights

Marinka Zitnik - PhD Thesis



Network Inference from Mixed Data

Hg:Ug

Object weights Object-object interactions
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Network Inference from Mixed Data

Objective function
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Network Inference from Mixed Data

Objective function

Data X following
distribution P
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Network Inference from Mixed Data

Objective function

min Z ly:p, (U, Wy; X) +Lg.p, (U, Wy,;Y) +reg. param.

4 N

Data X following Data Y following
distribution Py distribution £,
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Network Inference from Mixed Data

Objective function

| atent factor reuse

min Z ly:p, (U, Wy; X) +£g.p, (U, W,;Y) + reg. param.

4 N

Data X following Data Y following
distribution Py distribution £,
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Network Inference from Mixed Data

U,\INng;iI,lWy ZV ég;Pw (U7 Wx; X) T 895Py (Ua WyS Y) + reg. param.
gc
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Network Inference from Mixed Data

Uv%linwy ;ZQ?P@’ (U, W4; X) +4y.p, (U, Wy Y) +reg. param.
gec

Data X

R &

N(g)={heV\{g} : U W, W, U, #0V
U, W, W,U, # 0}

'\DataY
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Network Inference from Mixed Data

g2

g1

g3

g4

gs

% Data X

/

N(g)=1{heV\{g} : UUWIW,U, # 0V
U/ W, W, U, # 0}
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Network Inference from Mixed Data

g2

g1

g3 g2 L g3 191,94}

g4

gs

% Data X

/

N(g)=1{heV\{g} : UUWIW,U, # 0V
U/ W, W, U, # 0}
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Data

FuseNet
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~useNet
.. |~ HEEEEEEE

Data S -
EEEEENE
I\ ¢ EEENEEE

MOde‘ Po(X) ocexp( Y Oyhg(Xg) + Y Ogndgn(Xy, X))

geVv (g,h)eEE
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~useNet
.. |~ HEEEEEEE

Data [ [ SSEEEES
HEEEEERN
1 ¢ EEENEEN

MOde‘ Po(X) ocexp( Y Oyhg(Xg) + Y Ogndgn(Xy, X))

geVv ¢ (g,h)eEE
g2

Neighborhood of g»

0.5

0.4

0.3
0.1 I
0.0

g1 93 g4 ¢Gs JGe Jr

Network
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Polisson Data

SRzl s o o s
s oo sl [ o
s 71| 2 1 o 3o

Sample 4 56 |24 199 | 0 239 928 |376 1660
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PolIsson Data

S el o o s
sl 2 e [ o
ez 1|2 [ o2

Sample 4 56 | 24 | 99 v 239 (928 1376 |660

Poisson distribution
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Recovery of Poisson
Networks

0.8

0.6

0.4

gaself - *

0.2

0.1 0.2 0.3 0.4

FuseNet - Our method; LPGM - Allen & Liu 2014; NPN-Copula - Liu et al. 2009;
log-GLASSO - Gallopin et al 2013; GLASSO - Friedman et al 2007
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0.8

0.6

0.4

0.2

Recovery of Poisson
Networks

- A0S, - Log-GLASSO

AGAsSO

0.1 0.2 0.3 0.4

FuseNet - Our method; LPGM - Allen & Liu 2014; NPN-Copula - Liu et al. 2009;
log-GLASSO - Gallopin et al 2013; GLASSO - Friedman et al 2007
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Recovery of Poisson
Networks

0.8
LPGM
0.6
NPN-Copula
0.4 .
0o 058 e\-\.(\.e e Log-GLASSO
| * Agasso

0.1 0.2 0.3 0.4

FuseNet - Our method; LPGM - Allen & Liu 2014; NPN-Copula - Liu et al. 2009;
log-GLASSO - Gallopin et al 2013; GLASSO - Friedman et al 2007
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Recovery of Poisson
Networks

FuseNet
0.8
LPGM
0.6
NPN-Copula

0.4 .

Base\'\(\e . Log-GLASSO
0.2 Ve ot

‘ A AssO

0.1 0.2 0.3 0.4

FuseNet - Our method; LPGM - Allen & Liu 2014; NPN-Copula - Liu et al. 2009;
log-GLASSO - Gallopin et al 2013; GLASSO - Friedman et al 2007
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Functional Content of
Inferred Cancer Networks

=

A1

A1

Higher score indicates a more informative network

Data from International Cancer Genome Consortium, BRCA
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Functional Content of

, Inferred Cancer Networks

0.8

. Mutation & RNA-seq
Our method

06f

=
04 B -

J_ . Mutation

Jalali et al 2011

. RNA-seq
Allen & Liu 2014

0.2

0.0

Higher score indicates a more informative network

Data from International Cancer Genome Consortium, BRCA
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Summary of
Contributions
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Relation Heterogeneit

Markov network inference for mixed data

| Epistasis network inference

| Collective pairwise classification for multi-way data |

& Z. JMLR 2012;
/ & Z. Bioinformatics 2014 (in ISMB 2014);
/ & Z. Bioinformatics 2015 (in ISMB 2015);
| Z&Z.InPSB 2016
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Relation Heterogeneit

Markov network inference for mixed data

i k
|

Object Heterogeneity

| Epistasis network inference ‘ Latent profile chaining

Z etal. PLOS Comp Bio 2015

e —
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Relation Heterogeneit

Markov network inference for mixed data

| Epistasis network inference

| Collective pairwise classification for multi-way data {

& Z. JMLR 2012;
| Z & Z. Bioinformatics 2014 (in ISMB 2014);
/ & Z. Bioinformatics 2015 (in ISMB 2015);
(‘ Z & Z.In PSB 2016

Dual Heterogenelty .
i Network guided matrix completion |
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| Epistasis network inference

& Z. JMLR 2012;
| Z & Z. Bioinformatics 2014 (in ISMB 2014);
/ & Z. Bioinformatics 2015 (in ISMB 2015);
(‘ Z & Z.In PSB 2016

Dual Heterogenelty .
- Network guided matrix completion |

Relation Heterogeneit

Markov network inference for mixed data

| Collective pairwise classification for multi-way data {

| | Triple Heterogeni

collective matrix factorization

/ et al. Scientific Reports 2013;
| Z& Z. Systems Biomed/c/ne 2014;
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Relation Heterogeneit

Markov network inference for mixed data

| Epistasis network inference

| | Trlple Heterogenelty

collective matrix factorization

. Dual Heterogeneity
i Network guided matrix completion |

/ et al. Scientific Reports 2013;
| Z& Z. Systems Biomed/c/ne 2014;

Explormg Heterogenelty ,
Sensitivity estimation using Frechet derivatives |
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ALL THIS EXCITEMENT
ABOUT DATA FUSION.

GENE FUNCTION PREDICTION.
DISEASE ASSOCIATIONS. PREDICTION
Of DRUG TOXICITY. GENE
PRIORITIZATION, CANCER NETWORKS,
DISEASE PROGRESSION. DRUG
INTERACTIONS., PHARMACOGENOMICS.

| WONDER WHAT'S NEXT?

T

Best poster awards at BC/A2 2015 (Basel, Switzerland); RECOMB 2014 (Pittsburgh, PA, USA)
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