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Gene Expressions




Voting Behavior of Members of Parliament



Symptoms of Mental Disorders
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Sample observations
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Recover the system
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Approximate the system
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True Model, Probability Distribution, Graphical Model

True Model
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Approximate

Conditional Independence Network
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Summarize

Multivariate Probability Distribution



Conditional Independence Relations in a Graph
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Simple Example: Gaussian Graphical Model

X1 Xo X3 X e

X, /345 O 0 3.18

—1_ X2| 0 214 0 082
% T X3| o 0 321 1.05
X3 \3.18 0.82 1.05 8.77



General Graphical Models

A=1 A=2 .. A=k

Value Predictor



Study multivariate distribution as network

Ring Network Random Network

Small World Network Scale-free Network



Mixed Exponential Graphical Models




Mixed Exponential Graphical Models: Construction

Conditional univariate members of the exponential family

’D(XS‘X\S) = exp {ES(X\S)¢S(XS) + CS(XS) - q)(X\s)}?

factorize to a global multivariate distribution which factors
according the graph defined by the conditional distributions if and
only if Es(X\s) has the form:

k
Os+ Y Osde(Xe)to+ D> Onn [ o5(Xe)

teN(s) t2,...,tk EN(s) Jj=2

(Yang and colleagues, 2014)
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Nodewise Graph Estimation

(Meinshausen & Buehlmann, 2006)



Algorithm: Estimating MGMs

For each node s :
1. Regress X5 on X

> ming, g)cre {% SN (i — 60 — X502+ Al 1011
» Select A\, using EBIC

2. Threshold Parameter Estimates
> 70 = V|62

Combine Estimates from both regressions

» AND-rule: Edge present if both parameters are nonzero

» OR-rule: Edge present if at least one parameter is nonzero

(Loh & Wainwright, 2013; Haslbeck & Waldorp, 2016)



Back to Applications

P

67 measurements of 150 gene expres-
M Mmmﬁ sions related to the immune system of
- = Drosophila melanogaster (fruit fly) over
its full life cycle

Votes of 623 members of
the German parliament on
136 bills from Nov 2013 -
April 2015

1476 measurements of 16 mood related
variables of one individual over 238 con-
secutive days




Gene Expressions of Fruit Fly
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67 Measurements of 150 genes expressions related to immune
system of the fruit fly (Lebre et al., 2010)



Voting Behavior of Members of German Parliament

o BY90/GRUENE
e CDU/CSU

¢ DIE LINKE

e SPD

136 public votes, 623 members of parliament of 4 parties



Symptoms of Mental Disorder

1476 measurements of 16 mood related variables of one individual
over 238 consecutive days (Kossakowski et al., 2017)



Does the Structure of the System change over time?

Time X1 X2 X3 Xa Xs
/ 1 3.45 098 3 1
— 32 111 3 08 3 2
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Back to Applications: time-varying?

P

67 measurements of 150 gene expres-
M Mmmﬁ sions related to the immune system of
- = Drosophila melanogaster (fruit fly) over
its full life cycle

Votes of 623 members of
the German parliament on
136 bills from Nov 2013 -
April 2015

1476 measurements of 16 mood related
variables of one individual over 238 con-
secutive days




How to Estimate a time-varying Model?

w =

X3
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Time-varying Model via weighted nodewise regression

t Time  Xi ... Xs  Weight(t)
‘ 1 092 ... —147 0
2 078 ... —048 0.13
3 0.07 ... 042 0.60
e 4 -199 ... 136 1.00
) 5 062 ... —010  0.60
2 6 —0.06 ... 0.39 0.13
7 —021 ... 0.99 0
T —0.16 ... 0.8 0

Time Steps (Observations)

Weighted cost function:

ming,,6)cke [ﬁ SV wie(Yie — fose — X(5i06)% + Anl[0¢]1



What is the right bandwidth?

High Bandwidth

Parameter Value

Time

More Information for estimation

Low Bandwidth

Parameter Value

Higher sensitivity to change

Scaling: 7, < \/EHGHQ\/IO%



Data driven bandwidth selection

—e— Estimation Error
—e— Out of Sample Prediction Error

Error

0.53 —
0.58 —
0.64 —
0.69 —
0.74 —
0.79 —
0.84 —
0.90 —
0.95 —
1.00 —

T
@
~
[}

0.01 —
0.06 —
0.43 —

Bandwidth

True Model: 6 variables, 4 time-varying parameters, N = 1000



Gene Expressions of Fruit Fly: Time-varying
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Gene Expressions of Fruit Fly: Time-varying
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Voting Behavior: time-varying Model

2013-11-28
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Voting Behavior: time-varying Model

2014-09-25



Symptoms of Mental Disorder: Time-varying

Agitated

13/08/12




Network of Mental Disorder: Time-varying

Agitated

06/09/12



On the direction of Influence

True Structure:
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Time-varying Mixed Graphical Models

Summary

v

Powerful way to gain insights into multivariate datasets

v

Allows for mixed variables (e.g. categorical and continuous)

v

Scales well for large p and allows for p > n

v

Available via R-package mgm on CRAN

Contact
» Email: jonashaslbeck@gmail.com

» Website: http://jmbh.github.io


jonashaslbeck@gmail.com
http://jmbh.github.io
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