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STATISTICS ON NETWORKS

1. Parameter estimation
2. Model selection

3. T-test

4. ANOVA

5. Correlation
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WATTS-STROGATZ RANDOM
GRAPH MODEL

Regular Small-world Random
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GRAPH ENTROPY
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DATASETS

ADHD-200 Consortium
e 759 subjects

e 479 controls (253 males,
12.23+3.26 y.0.)

* 159 combined hyperactive/
impulsive and inattentive
(130 males, 11.24+3.05 y.0.)

* ti-hyperactivefimpulsive{9—

mates 12,404 51 v o)
’ [ ] -— [ ] [ ] l'

e 110 inattentive (85 males,
12.061+2.55 y.0.)

* Pre-processing: Athena
pipeline

ABIDE | Consortium
814 subjects

529 controls (430 males,
17.47+7.81y.0.)

285 autism patients (255
males, 17.53t7.13 y.0.)

Pre-processing: Athena
pipeline



GRAPH ENTROPY

Attention Deficit Autism Spectrum
Disorder

Sato et al., 2013 Sato et al., 2015



PARAMETER ESTIMATION
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ERDOS-RENYI RANDOM GRAPH
MODEL
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WATTS-STROGATZ RANDOM

MODEL
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PARAMETER ESTIMATION

Graph model
RO o A
)\ SN S\

Kullback-Leibler divergence —

KL(p1]p2) = f o (Mlog 22 41 |8 = argmin KL(p, |po)
— 0 p2 (1) %)

Model 20 50 lze 100 500 ER: Erdos-Rényi
— Gl: Gilbert

ER (m=0.5) 0.5030.013 0.500£0.002 0.500+0  0.499+0.003 .
Gl (p=0.5) 0506£0.039 0.501:0.014 0.501:0.008 0.499:0.003  CF: Geometric
GE (r=0.5) 0.493+0.061 0.506+0.037 0.502+0.022 0.500:0.010  DBA: Barabasi-Albert
BA (p=1) 1.128+0.309 1.044+0.125 1.026+0.047 1.020+0.025  WS: Watts-Strogatz

WS (k=0.25) 0.129+0.155 0.069+0.011 0.071+0.008 0.070+0.003  KR: K-Regular

KR (k=0.25) 0.264:+0.013 0.245:0.005  0.250+0  0.249+0.004

Takahashi et al., 2012
de Siqueira Santos et al., 2016
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Hirotugu Akaike
1927 - 2009



MODEL SELECTION
Kullback-Leibler divergence

~ Pg1( )
KL 1 2 ) — 1 )l dA
(pg |pg ) p ( ) Og gz (/'1)

/ \ Reference spectrum
Unknown graph spectrum

j = argmin 2KL(p‘|p§i) +.2|6;]

Penalization to avoid
overfitting

Takahashi et al., 2012




| Species Number of nodes Number of edges Average degree Diameter Clustering coefficient Average path length
H. pylori 714 1,393 3.9 9 0.016 4.139
R. norvegicus 758 691 1.82 9 0.001 3.651
M. musculus 1,868 1,895 2.03 20 0.006 6.28
E. coli 2,997 12,348 8.24 12 0.115 3.986
C. elegans 3,183 5,068 3.18 13 0.012 4.803
S. cerevisiae 5,213 25,073 9.62 10 0.058 3.86
H. sapiens 5,940 14,144 4.76 17 0.017 4.755
D. melanogaster 7,931 23,386 5.9 12 0.012 4.468 |
H. pylori R. norvegicus M. musculus E. coli
ol ) ch Species Erdos-Rényi Scale-free Small-world
z. | 5 ’ S H. pylori 15.07 1.46 11.36
L s g - i R. norvegicus 134.67 100.47 118.67
i ]L ] W UL momusculus 141  6.93 24.51
g 8 g g |0
i -0 0 5 10 i —;o I (l) 1|o I i —;o I (I> 1I0 ' i -20 20 E' COIi 21'15 1'91 17'9
C. elegans S. cerevisiae H. sapiens D. melanogaster C' elegans 30'48 2'66 30'23
: ) 5 ] S. cerevisiae 24.21 0.87 18.25
i | 2 | - H. sapiens 47.1 11.31 44.04
<] y { D. melanogaster 17.4 0.39 18.06
g e
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Takahashi et al., 2012



Control Treatment

0.018
-0.184
-1.371
-0.599

0.294

0.389
-1.208
-0.363
-1.626
-0.256

1.101

0.755
-0.238

0.987

0.741

0.089

2.974
1.993
3.567
2.474
1.055
0.456
4.654
-0.148
0.231
1.612
4.254
3.035
4.236
3.263

T test

0.4

0.3

Control Treatment

0.2

0.1

3.138 H,: the means of the two populations are equal
1.571 H,;: the means of the two populations are not equal
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COMPARISON TEST

S “distance”

Jensen-Shannon
z divergence -
g g,
Egen\clalu; | SEigOenvsaIués‘
1 1
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Hypothesis test
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Eigenvalues Degree
Number of Clustering Average Degree  Spectrum
edges coefficient path length distribution
Normal vs ADHD 0.82 0.85 0.87 0.031 0.024

Takahashi et al., 2012



ANOVA
(Analysis of Variance)

Condition1 Condition2 Condition 3

0.018 2.974 1.729 i

-0.184 1.993 -1.071 : '

-1.371 3.567 -2.339 '

-0.599 2.474 -0.379 i i
0.294 1.055 2.511 : 5
0.389 0.456 -0.044 ;

-1.208 4.654 0.929

-0.363 -0.148 -0.891 : 1 g
-1.626 0.231 -0.892 g c
-0.256 1.612 1.204
1.101 4.254 -0.077 T T
0.755 3.035 -1.944 Condiltion 1 Condiltion 2 Condiltion 3
-0.238 4.236 -0.816
0.987 3.263 -1.103 H,: all the means are equal
0.741 3.138 0.623 H : at |least one of the means is not equal
0.089 1.571 -0.104







ANOGVA: Analysis of Graph Variability

Population 1 Population 2 Population 3

Graph

Average
Spectrum

KLD
420 i ,l)'o

Kullback-
Leibler
Divergence
e
z

All Average Spectrum
Ho: KL(pg,, Pgy) = KL(Pg,r Pgy) =+ = KL(pg Pgy) = 0
H,:Atleast one population of graphs is generated in a different manner

Fujita et al., 2017



Somatomotor .Visual Default-Mode .Cerebellar .Fronto-parietal

Fujita et al., 2017



P-value = 0.04
Somatomotor .Visual Default-Mode .Cerebellar .Fronto-parietal

Fujita et al., 2017



Gene X GeneY
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1.015
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0.926
0.882
0.559

0.541
-0.016
-1.067
-0.102

0.143

0.481
-1.216

0.215
-2.013

0.304

0.892

1.028

0.553

0.783

0.401

Correlation

Gene Y

Gene X

Hypothesis test

Ho: pxy = 0 Xand Y are not linearly dependent
Hi:pxy # 0 Xand Y are linearly dependent



Network 1 Network 2 Network 3 Network 4
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AUTISM SPECTRUM DISORDER

‘ Somatomotor
L & R ‘
| * | ‘ Visual

‘ Default-mode

. Cerebellar

Control

Fujita et al., 2016



AUTISM SPECTRUM DISORDER

Control ASD Control ASD
0.39 0.56 0.35 0.53

Default- control  ASD
mode ontro
0.32 0.48

Visual

Default-mode
Default-mode

Control

Cerebellar

Default-mode

Fujita et al., 2016



statGraph

statGraph: Statistical Methods for Graphs

Contains statistical methods to analyze graphs, such as graph parameter estimation, model selection based on the GIC (Graph
Information Criterion), statistical tests to discriminate two or more populations of graphs (ANOGVA -Analysis of Graph
Variability), correlation between graphs, and clustering of graphs.

Version: 0.10

Depends: R (= 2.10.0), stats, graphics

Imports: igraph, MASS

Published: 2017-04-21

Author: Suzana S. Santos [aut], Andre Fujita [aut, cre]
Maintainer: Andre Fujita <fujita at ime.usp.br>

License: GPL (= 3)

URL: https://www.ime.usp.br/~fujita/software .html
NeedsCompilation: no

Citation: statGraph citation info

CRAN checks: statGraph results

https://CRAN.R-project.org/package-statGraph

Reference manual: statGraph.pdf
Package source: statGraph 0.1.0.tar.gz
Windows binaries: r-devel: statGraph 0.1.0.zip, r-release: statGraph 0.1.0.zip, r-oldrel: statGraph 0.1.0.zip

OS X El Capitan binaries: r-release: statGraph 0.1.0.tgz
OS X Mavericks binaries: r-oldrel: statGraph 0.1.0.tgz

Linking:

Please use the canonical form https://CRAN.R-project.org/package=statCraph to link to this page.




CoGA: Co-expression Graph Analyzer

Features Tutorial Manual Download Contact

Co G A

http://www.ime.usp.br/~suzana/coga/

CoGA (Co-expression Graph Analyzer) is an R package to identify differentially co-expressed gene sets between two
phenotypes. The software infers gene regulatory networks from gene expression data, and compares topological
properties of the inferred networks. Those properties include centrality, clustering coefficient, degree and spectrum
distributions, and spectral entropy. In addition to the differential co-expression analyses, the tool provides graphical
interfaces for network visualization, ranking of genes according to their "importance" in the network, and the
standard single gene differential expression analysis.

CoGAis free to use, and open source. Enjoy it!

de Siqueira Santos et al., 2015
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Thank you for your
attention

André Fujita
fujita@ime.usp.br
https://www.ime.usp.br/~fujita




