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Background

protein interaction networks (PIN):

data in public databases,
nodes: proteins i,j=1...N

used for:

links: C,'I':Cj,‘:1 if icanlbind toj understanding blOIOgy,
cj=¢ji=0 otherwise filtering expression data

in medical prediction

Quantify topology:

@ degree of a node (nr of links): ki(c) = >, ¢j
distribution: p(k) = N1 Zi 5k,k,-(c)

@ degree stats of connected nodes

1

W(k, kl) = —F Z Cijj 5k,ki(c)(sklyk.(c)
N<k> i ! ki — k? kj — k/z)

W(k, k") # W(k)W(K'):

structural info in degree correlations
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Information in degree correlations?

plot M(k, k") = W(k,K")/W(k)W(K)
the PIN reproducibility problem ...
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bias introduced by experimental method
that overrules species information ...
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Analysis of the network sampling process

types of sampling errors

@ node undersampling:
— / —
& = o105y a9 Ny N 970 N
oi=0,1
;=0
@ link undersampling:
= /
CI{j = TijCij i Cij =1 _/ i Clj 0 j
7j = 0,1
7j =0
@ link oversampling:
= /
cj = cj+Xj(1—cy) i ¢=0 j i =1 j
Aj=0,1
Aj=1

combined: ) : N
¢ =oiojlmci+ (1 —chl, N =3 o
i=1
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sampling variables: o = {0}, 7= {7}, A= {\;}
drawn randomly and independently,

x(k): prob to detect node with degree k
y(k,K'): prob to detect link between nodes with degrees (k, k')
z(k,k)/N: prob to report nonexisting link between nodes with degrees (k, k')

unbiased sampling: x(k)=x, y(k,k')=y, z(k,k')=z

aims:

— express features of ¢’ in term of those of ¢, and vice versa
— analytically if possible!
— decontaminate public data bases for protocol-specific bias

studies so far (e.g. Stumpf et al 2005, 2006):
limited analytical results, for random sampling only,
no results on oversampling
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strategy:

@ family of networks ¢ with N nodes, degrees (ki, ..., kn),
and characteristics p(k) and W(k, k'):

p(c) = [H5k k(c)] H [ N> %5% 1+ (1 - <N> %)5% ]

@ sample networks ¢’ ¢ = oioj[ici + (1—=ci) ]

sampling protocol: x(k) y(k,K') z(k, k')

node undersampling link undersampling link oversampling

@ calculate k _ m
average pkix. . 2) << >0 >>c o, T
characteristics
cié, 5 ’
of sampled W(k,K'|x,y,z) = << 2 Gk ke e )>>
networks 225G c,0.T,A

in terms of true p(k) and W(k, k') ...
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core result:

can be done analytically, as N — oo,
for all sampling protocols,
(via path integrals, steepest descent, ...):

g X(@p(a){a(a)T (k) + ab(a) £ (k|a) }
K4 p(a)x(q)

Xq.q'>0 X(Q)X(Q’){P(Q)P(Q')Z(qﬂ q') T (klq)T (K'1q") + (k)W(a, q")y(q, Q’)ﬁ(k\a)ll(k’m’)}

k(x,y,2) 324 P(@)x(q)

p(klx,y,z) =

W(k, K |x,y,z) =

with
min{k—1,q} k 1—n
g9 =05 (] ) D@ o)
min{k—1,9—1} k—1—n
— o qg—1\4 (9) ,n _ qg—1—n
L(klg) = go (7, )7“_1_");" (@1 - b(@))
= > p(d)x(d)2(a,9"),  b(a) = > x(q')y(g.9")W(a.q")
a0 qp(q) @50
K.y z) — SaXOP@IE@) + ab(a)]
> P(@)x(q)
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Applications of the theory

impact on network degree distributions

@ only Poisson distribution retains shape

@ unbiased sampling: recover formulae of Stumpf et al 2005
node & link undersampling equivalent

@ biased sampling: node & link undersampling not equivalent

Power Law - Unbiased Node Undersampling Power Law - Unbiased Bond Undersampling

) OO 100%
S DA T0%
OO0 50%

N = 3512
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Poisson - Unbiased Bond Oversampling

k+1

Power Law - Unbiased Bond Oversampling
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Poisson - Biased Bond oversampling
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unbiased undersampling

N=3512, (k)=3.7

N(k, k') = W(k,k')/W(k)W(K")
(power law network, averaged over 10* samples)

true network
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oversampling
N=3512, (k)=3.7

N(k, k') = W(k,k')/W(k)W(K")
(power law network, averaged over 10* samples)

true network

B
é
k. .

ACC Coolen and A Annibale (KCL)

prediction observed

o] I

" !

© [biased, z(k,K')~kk]

sampling of biological networks

14 /17



protein interaction network (C. Elegans)
unbiased link sampling, N=3512, (k)=3.7

N(k, k') = W(k,k')/W(k)W(K")
(averaged over 10* samples)

C. Elegans PIN prediction observed
: *
" [undersampling: y=0.9, z=0]
. . E . ? ¥
0 hd q’ i : -
1; *

" [oversampling: y=1, z=1]
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explicit formulae for p’(k) and W’(k, k') in terms of p(k) W(k, k'),
for biased/unbiased node/link under/oversampling
(exact for N — oo, precise already for N ~ 10°)

sampling generally affects shapes of p(k) and W(k, k'),
except for trivial (i.e. uncorrelated Poissonian) networks

@ unbiased undersampling:

— node/link undersampling are equivalent
— uncorrelated networks remain uncorrelated

@ biased undersampling:

—node/link undersampling not equivalent
— uncorrelated networks appear correlated

@ link oversampling:
— always generates degree correlations
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Ongoing work: decontamination of PIN data

available PIN data:

— for L different species ¢=1...L
each with unknown network c*

—measured via M different protocols a=1...M (e.g. Y2H, PCA, MS)
each with unknown sampling parameters 6% = {x“,y“,z%}

matrix of Mx L

Lo Lo Loap Lo L VAR AN
observed networks ¢“: A R O DRV
method a method b method ¢
species | .
species Il -

species Il -

objective:
find true PINs {¢', ..., ¢t} and
sampling pars {6',...,6"} (via Bayesian methods)
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