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Simulating 
Systems Genetics 

for algorithm evaluation

Alberto de la Fuente
alf@crs4.it

http://www.bioinformatica.crs4.org/
mailto:alf@crs4.it
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“~omics” data

algorithms

( )kxx
,f

dt

d =

Inferring Regulatory Networks
= inverse problem = system identification

Correlation, partial 
correlation, regression, 

linear Ordinary 
Differential Equations, 

graphical Gaussian 
models, perturbation 

analysis…

http://www.bioinformatica.crs4.org/
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Genetical Genomics

Jansen, R.C., and Nap, J.P. (2001) Trends Genet. 17, 388-391 

http://www.bioinformatica.crs4.org/
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Inferring Networks from SG data

Gene Network inference requires many perturbations

Experimental perturbations are difficult and costly

Use of naturally occurring genetic variations (perturbations)

http://www.bioinformatica.crs4.org/
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Systems Genetics (SG)

GENOTYPE PHENOTYPE

GENOTYPE PHENOTYPE
),( tEnvironmenGenotypef

Phenotype =

Systems Genetics

Statistical Genetics

http://www.bioinformatica.crs4.org/
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How to evaluate the results of analysis?

• Ideally, to perform experiments to validate the generated 
hypotheses

• Interpretation based on prior knowledge
– Gene Ontology

– ‘Known’ networks  Bronze Standards

Need for Gold Standard benchmarks!
– Simulated data

http://www.bioinformatica.crs4.org/
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How to evaluate the results of analysis?

http://www.bioinformatica.crs4.org/
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SysGenSIM: Simulating Systems Genetics

http://www.bioinformatica.crs4.org/
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The STATSEQ benchmark

• Goal: 

• Unbiased evaluation of network inference algorithms

• Main questions:
• Which algorithms are most effective?

• How does network size affect the ability to infer networks?

• How does genetic linkage between affect the ability to infer 
networks?

• How does ‘heritability’ of transcripts affect the ability to infer 
networks?

•How does population size affect the ability to infer networks?
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The STATSEQ benchmark: Networks
• 3 networks of 100 genes
• 3 networks of 1000 genes
• 3 networks of 5000 genes

• Average node degree = 6 (3 inputs + 3 outputs)

•Topology: ‘scale-free out degree and 
exponential in-degree distributions’ were 
generated

• An out-degree sequence was generated by 
sampling from a power-law
• An in-degree sequence was generated by 
sampling from an exponential distribution
• Nodes were connected satisfying their 
assigned in and out degree

• Signs (activation or repression) were assigned 
uniformly 50:50 chance
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The STATSEQ benchmark: Gene 
expression data simulation 

Cis-effect: a polymorphism in 
promotor region of gene Gg
affects the basal transcription 
rate. 

Zcg for allele ‘A’ ≠ Zcg allele ‘a’.

Trans-effect: a polymorphism in 
coding region of gene Gk affects 
the way it affects its targets.

Ztk for allele ‘B’≠ Ztk allele ‘b’.
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Cis-effect: a polymorphism in 
promotor region of gene Gg
affects the basal transcription 
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Zcg for allele ‘A’ ≠ Zcg allele ‘a’.
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All parameters set to 1 for simplicity, except:

Z ~ Uniform[0.5, 0.8] for one allele and 1 for the other allele
Hill cooperativity coefficient ~ Gamma[1,1.67]

Transcription biological variance ~ Gaussian[1, x]
Degradation biological variance ~ Gaussian[1, x]
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The STATSEQ benchmark: Gene 
expression data simulation 

• Steady state gene-expression levels for all individuals 
were calculated after adjusting the Zs to the ‘genotype 
data’ and sampling the thetas.

• Population size = [300, 900]

• Experimental noise was multiplied with the steady 
state values.

• Gaussian[1,0.1]

Cis-effect: a polymorphism in 
promotor region of gene Gg
affects the basal transcription 
rate. 

Zcg for allele ‘A’ ≠ Zcg allele ‘a’.

Trans-effect: a polymorphism in 
coding region of gene Gk affects 
the way it affects its targets.

Ztk for allele ‘B’≠ Ztk allele ‘b’.
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Cis-effect: a polymorphism in 
promotor region of gene Gg
affects the basal transcription 
rate. 

Zcg for allele ‘A’ ≠ Zcg allele ‘a’.

Trans-effect: a polymorphism in 
coding region of gene Gk affects 
the way it affects its targets.

Ztk for allele ‘B’≠ Ztk allele ‘b’.

ggg
Rk

ht
kgk

h
k

h
k

gk
syn
gg

c
gGradationdegiontranscript

g G
ZKG

G
AVZvv

dt

dG

g

gkgk

gk

ggG
⋅⋅−











+
+⋅⋅⋅=−= ∏

∈

degθλθ
)/(

1



 h
tt

p:
//w

w
w

.b
io

in
fo

rm
at

ic
a.

cr
s4

.o
rg

The STATSEQ benchmark: RIL population

K. W. Broman (2005) Genetics 169: 1133–1146
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The STATSEQ benchmark: Chromosome

• 100 gene-networks  5 chromosomes with each N(20, 2) genes/markers
• 1000 gene-networks  25 chromosomes with each N(40, 2) genes/markers
• 5000 gene-networks  25 chromosomes with each N(200, 2) genes/markers

•Each gene has a polymorphism, either in the gene’s promoter region (leading to a ‘cis effect’ 
on its own expression rate) or in the gene’s coding region (leading to ‘trans effects’ on its 
targets): probability ¼ vs ¾.
(T,T,T,C,C,T,T,C,T,T……,T,T)

• The molecular effect of each locus is decided: 
either the 0 allele  Z=1, or the 1 allele  Z=1, decided by ‘flip of coin’.
(0, 0,1,0,0,1,0,1,1,1……,0,1)

Cis-effect: a polymorphism in 
promotor region of gene Gg
affects the basal transcription 
rate. 

Zcg for allele ‘A’ ≠ Zcg allele ‘a’.

Trans-effect: a polymorphism in 
coding region of gene Gk affects 
the way it affects its targets.

Ztk for allele ‘B’≠ Ztk allele ‘b’.
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The STATSEQ benchmark: Genetic map

• Markers/genes are placed on the chromosomes, at distances d sampled from:

N(1 centiMorgan, 0.2 cM), leading to STRONG linkage

or

N(5 cM, 1 cM), leading to WEAK linkage
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The STATSEQ benchmark: Genotype 
data simulation
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The STATSEQ benchmark: Heritability

Transcription biological variance (thetas) are sampled either from

N[1, 0.1] (small biological variance, leading to HIGH heritability, median ≈ 75% )
or
N[1, 0.25] (large biological variance, leading to LOW heritability, median ≈ 35%)

Cis-effect: a polymorphism in 
promotor region of gene Gg
affects the basal transcription 
rate. 

Zcg for allele ‘A’ ≠ Zcg allele ‘a’.

Trans-effect: a polymorphism in 
coding region of gene Gk affects 
the way it affects its targets.

Ztk for allele ‘B’≠ Ztk allele ‘b’.
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The STATSEQ benchmark

72 datasets = 
3 network sizes × 
3 replicates × 
2 population sizes × 
2 heritability levels × 
2 linkage strengths

http://sysgensim.sourceforge.net/datasets.html
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The STATSEQ benchmark

• Coming up (today and tomorrow): 
Presentations on applications of algorithms on the 
benchmark

8 research groups (from France, Belgium, Germany, 
Netherlands, Italy and the USA) were given the 
benchmark and the networks’ Gold standard to evaluate 
and optimize their algorithms.
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The STATSEQ benchmark

• Final questions:
• Which algorithms are most effective?

• How does network size affect the ability to infer networks?

• How does genetic linkage between affect the ability to infer networks?

• How does ‘heritability’ of transcripts affect the ability to infer networks?

• How does population size affect the ability to infer networks?

•How realistic is the simulated benchmark??
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Poster 1
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