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We use mathematical methods from the theory of tailored random graphs to study systemati-
cally the effects of sampling on topological features of large biological signalling networks. Our
aim in doing so is to increase our quantitative understanding of the relation between true bio-
logical networks and the imperfect and often biased samples of these networks that are reported
in public data repositories and used by biomedical scientists. We derive exact explicit formulae
for degree distributions and degree correlation kernels of sampled networks, in terms of the
degree distributions and degree correlation kernels of the underlying true network, for a
broad family of sampling protocols that include random and connectivity-dependent node
and/or link undersampling as well as random and connectivity-dependent link oversampling.
Our predictions are in excellent agreement with numerical simulations.
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1. INTRODUCTION

Networks are popular simplified representations of com-
plex biological many-variable systems. The network
representation reduces the complexity of the problem
by retaining only information on which pairs of dynami-
cal variables in a given system interact, leading to a
graph in which the nodes (or vertices) represent the
dynamical variables and the links (or edges) represent
interacting pairs. If all interactions are symmetric
under interchanging the two variables concerned, the
resulting network is non-directed (as e.g. in protein—
protein interaction networks (PPINs)). If some or all
are non-symmetric, the network is directed (as e.g. in
gene regulation networks). Present-day biological
databases contain PPINs and gene regulation networks
of many species, with typically in the order of N~
10*—10* nodes each, measured and post-processed by
various different techniques and protocols. However,
in biology, the available experimental techniques do
not sample the complete system, but only a finite frac-
tion; for the human PPIN this fraction is presently
(and inaccurately) estimated to be around 0.5 [1]. Fur-
thermore, the sampling tends to be biased by which
experimental method is used [2]. In order to use the
available data wisely and reliably, it is vital that we
understand in quantitative detail how the topological
characteristics of a real network relate to those of a
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finite (biased or unbiased) random sample of this net-
work. If, for instance, we observe that certain modules
appear more often (or less often) than expected in cer-
tain cellular signalling networks, we need to be sure
that this is not simply a consequence of sampling. The
first studies of the effects of false negatives in the detec-
tion of links and/or nodes (i.e. bond and/or node
undersampling) on network topologies focused on the
relation between true and observed degree distri-
butions, either analytically [3,4] or via numerical
simulation [5], and found that undersampling changes
qualitatively the shape of the degree distribution. Sub-
sequent studies [6,7], based on numerical simulation,
revealed the effects of undersampling on topological
features other than the degree distribution, such as clus-
tering coefficients, assortativity and the occurrence
frequencies of local motifs. More recent publications
were devoted to sampling of non-biological networks,
such as the Internet [8] and bipartite networks [9]. So
far all published studies on the effects of sampling
have either been based on numerical simulations, or
been restricted to the effects of sampling on a network’s
degree distribution. Moreover, there are only very few
studies that considered connectivity-dependent
sampling (e.g. [4]), and none that investigate the effects
of false positive (i.e. oversampling). In the present
paper, we use statistical mechanical methods from the
theory of tailored random graphs to study systemati-
cally the effects of sampling on macroscopic
topological features of large networks. We extend pre-
vious work in several ways. Firstly, we investigate the

This journal is © 2011 The Royal Society
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effect of sampling on macroscopic observables beyond
the degree distribution, e.g. the joint degree distribu-
tion of connected node pairs from which one calculates
quantities such as the assortativity. Secondly, we do
this for both random and connectivity-dependent
sampling of either nodes, links or both. Thirdly, we
investigate not only network undersampling, but also
the implications of false positives in the detection of
links, i.e. bond oversampling. All our results are
obtained analytically, and formulated in terms of expli-
cit equations that express degree distributions and
degree correlations of observed networks in terms of
those of the underlying true networks. We test our
analytical predictions against numerical simulations
and find excellent agreement.

2. DEFINITIONS
2.1. Networks and sampling protocols

We consider non-directed networks or graphs. Each is
defined by a symmetric matrix ¢ = {¢;}, with ij=1
.. N and with ¢; € {0,1} for all (7,j). Nodes i and j
are connected if and only if ¢;=1. We exclude self-
interactions, i.e. ¢; =0 for all i. The degree k;(c) of a
node i is ki(c) =) ;c;, the degree distribution of
graph ¢ is p(kjc) =N '35, (c), and we abbre-
viate its degree sequence as k(c) = (ki(c),....kn(c)).
Sampling stochastically an N-node graph ¢ will result
in observation of an N node graph c’. The relation
between ¢’ and ¢ depends on the details of the sampling
process. We use random variables o; € {0,1} to denote
whether a true node i is observed, and 7; €{0,1}
whether a link (4,j) is observed (if nodes i and j
are). In studying oversampling A; €{0,1} will indicate
whether an absent link is falsely reported as
present. Thus:

node undersampling : c;]- = 0,0;Cy
bond undersampling : ¢ = i = TiCyj
node and bond undersampling: ¢/ i~ = 00T Cy
bond oversampling : cU cii+(L—cy)Ay
(2.1)

In a biological context, node oversampling (e.g.
detecting a non-existent protein) would be less realistic,
so will not be considered in this paper. Note that N =
> i< 0; . We take all sampling variables o= {0}, 7=
{7} and A= {A;} to be stochastically independent,
with the proviso that 7;;= 7 A;;=A; and A; =0 (so
sampled networks remain non-directed and without
self-interactions). In random sampling their probabil-
ities are functionally independent of the site indices;
in connectivity-dependent sampling, the probabilities
will depend on the degrees of the nodes involved. We
conclude that the different types of sampling under
equation (2.1) are all special cases of the following
unified process:

V(i <j) (2.2)

C/-- = O'Z'O'j[TZ'jCZ’]' + (1 —

# cij) Ayl
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with

P(o,7,A|z,y,2) = H [2(ki) 8,1 + (1 — 2(k;)) O, 0]
X H [y(ki,kj)am.l + (1= y(ki, & ))STU 0]
(L

Here z(k) € [0,1] gives the likelihood that a node with
degree k will be detected, y(k,k") € [0,1] the likelihood
that a link connecting nodes with degrees (k&) will
be detected, and z(k,k’")/N € [0,1] the likelihood that
an absent bond will be falsely reported as present (the
latter scales as N~ ' to retain finite connectivity for
large N). For random sampling, the control parameters
in equation (2.3) would all be degree-independent, i.e.
o(k) =z, y(kk')=y and z(kk') =2 We note that,
since non-existing nodes cannot give false negatives,
we may always choose z(0) = y(0,k) = y(k,0) =0 for
all k. For connectivity-dependent sampling, plausible
choices for the functional dependence of the control par-
ameters on the local degree would be z(k) = k/kyax
and/or y(k,k') = kk'/koax and/or  2(kE') = kk'/Kaax,
since high-degree nodes and links connecting high-
degree nodes are more likely to be reported.

2.2. Macroscopic characterization of network
structure

To control analytically the topological properties of the
networks to which our sampling protocols (2.1) are applied,
we consider the following maximum entropy ensemble,
tailored for large N, to the production of graphs with
prescribed degrees and prescribed degree correlations:

1 E Wk k
p(C) = Z—N H (Sk,;,ki( )] 1:[ {NW BC,J.l
E Wk, k)
{1 Nt 5o 4
with p(k) = N~ ! > i0 s, and k=>",p(k)k, and with Zyx

the appropriate normalization constant. Graphs gener-
ated according to ensemble (2.4) will have k(c) =k,
p(klc) = p(k and ;cp W(k,k'|c) = W(k,k"), where
W(k,kc) = UCU(‘SM O, is the joint degree
distribution of connected node pairs. Apart from the
information in k and W(kk'), the ensemble (2.4) is
unbiased; see Annibale et al. [10] for derivations of its
information-theoretic properties, Coolen et al. [11,12]
for Monte Carlo Markov Chain (MCMC) algorithms
via which its graphs can be generated numerically and
for a review on the topic. The remainder of this paper
is devoted to calculate analytically how in large net-
works, with given degree sequences and given degree
correlations (i.e. as those typically generated via ensem-
ble (2.4)), sampling affects the macroscopic topological
characteristics p(k) and W(k,k"). To be specific, we cal-
culate the average connectivity, the degree distribution
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and the degree correlation function, after sampling from
large graphs drawn from ensemble (2.4), in terms of the
sampling characteristics {z(k),y(k,k'),2(k,k")},!

K,9,2) = lim 3" plc) <§—> L @)
¢ v o,7A

0

> 0id, 3 ey
p(klz, y,2) = Jélggoz p(c) <270j> (2.6)
¢ i o,

and

<Zij Oy o 3k,72m> (2.7)
o,7A

/
i Cij

with ¢}; as defined in equation (2.2) and (- )4,-,x denot-
ing averages over the sampling parameters distribution
(2.3). The denominators are simplified trivially, using
the independence of the sampling variables and the
definition of W(k,k'|c), since

%Z o= 3 sth) + ON)
= p(k)a(k) + O(N~?)
k

(2.8)

and

1 ;o 1 Z(kl,k]>

z(k;-\,[k]-)” OV

=3 a(B)a(¥) {p(k)p(K)=(k, k)

k'

+ EW (kK )y(k, K)} + O(N?).

+ei [y(’fia ki) —

(2.9)

We may therefore write

k(z,y,z) =

Y w0 p(Q)p(d)2(q, ¢) + kW (g, )y(q, ¢)]
>, P(@)z(q) ’
(2.10)

p(klz, y, 2) =

limyeo 3 p(€) <N T Xiody >
> p(@)z(q)

!0One should expect that macroscopic physical observables such as
p(klc) and W(kk'|c) are self-averaging, and can therefore be
calculated, to leading order in N, in terms of their expectation
values (2.5), (2.6) and (2.7) over the ensemble (2.4).

7TA(2.11)
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and

W(k, K|z, y,2) =

limpy—eo e P(C)<N T Gty 4 By c/j[>
k(z,y,2) 32, p(a)z(q)

o,TA

(2.12)

In the following sections, we will calculate analytically
the observables (2.10), (2.11) and (2.12) and will test our
theoretical results against numerical simulations. To this
purpose, we will sample from reasonably large graphs
(either synthetically generated or real biological
PPINs) and we will measure the degree distribution
and the degree correlations after sampling.?> These will
be compared with the analytically calculated post-
sampling degree distribution and degree correlations
resulting from averages over graph ensembles asymptoti-
cally tailored to the production of graphs with the same
degree sequence and degree correlations as the graph
instances used for numerical simulations. The extent to
which theoretical predictions and numerical simulations
agree will provide an indication of how well, for reason-
ably large graphs, the behaviour of degree distribution
and degree correlations under sampling is captured by
averages of such quantities over the corresponding maxi-
mum entropy ensembles.

3. EFFECTS OF SAMPLING ON DEGREE
DISTRIBUTIONS

3.1. Connection between observed degree
distributions and degree correlations

We note that in the case of connectivity-dependent
sampling, the average degree (2.10) in the observed
graph will generally depend not only on the degree distri-
bution of the original graph, but also on the latter’s
degree correlations. Hence, our decision to use the
graph ensemble (2.4) for the present study. The observed
distributions p(kz,y,2) and W{(kk'|z,y,2) in expressions
(2.11) and (2.12) are connected via a simple identity,
as are p(k) and W(k,k") in the original graph c:

W(klz, y,2) = > W(k K|z, y,2)
k!

X
—
=
S
?‘0’)
]
i/
3
>

k
P E—— k .
o7 p(klz, y, 2)

So for large N, we need to calculate, in principle, only
W(k,k'|2,y,2), as p(klz,y,z) follows via identity (3.1).
Alternatively, since for random sampling, p(kz,y,2)
can be found analytically with little effort, the identity
(3.1) can be used for verifying the result of our
calculation of expression (2.12).

(3.1)

*The software used in this paper for generating and sampling from
networks is available from the authors upon request (in standard C).
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3.2. Degree distribution for random sampling

Calculating p(k|z,y,2) is only straightforward for
random sampling, irrespective of whether the source
graph is generated according to ensemble (2.4), since,
in that case, expression (2.11) can be made to factorize

over the sampling variables by writing the Kronecker-6
in integral form. In order to appreciate the roles played
by the different ingredients of expression (2.11), we
first write it in the form p(kz,y,2) =limy .o Y .c
p(c)pn(k|a,y,z; c), with

1 1
p ]{)33, Y,z;€) = N a8, »
V(o0 6) = e T O T N < kS, e >
1 1 qu d(l) i —imz o057y ciH1—ci N ~1/2
_ il kw O'Z'e j i 1j G UEA +O N /
S g2 | 2 < o rew)
1 1 T dw |, . 1
s [t fuea (o) ]V o( L)
Zq p(q)x(q) N i ( l -7 2 g { ( ! TA \/N
et T e 5l o)
e 1+x(k)(e™ — 1) | —=~4cy(k, ki) p + Ol —
_ 1 () r do ikoreo-1) S, pK)ak)(d ¥)
>, p(@)z(q) )4 2w
x Nz 8y exp(zk, log{1+ a(K)y(¢,K)(e™* = 1)} Y 8w cij) +O(NY?). (3.2)
For random sampling protocols, where x(k) =z, Formula (3.3) simplifies further for various special

y(k,k") = y and z(k,k") = z, this expression immediately
simplifies to the transparent result
/ " deo iko+az(€719—1)
v (k|z,y,z;c) Zpk|c —e

-

x {1+ zy(e -1 +ON1/2)
_Zpk,k:nz; Z( )w+mm

do

ikw(  —iw n+m —
-1 +O(N
27Te (e ) (

1/2)

<]

S e L [

n>0
% zn-&-mym(_l)n+7n—kl(kSn+m)
+O(N7V?)
AES (KN [ mtn
=y ("))
n>0
Xanrmikym(fl)TﬁmikI(kSnﬁ»m)

+O(N?), (3.3)

in which I(S) is the indicator function (i.e. I(S) =1if S
is true, otherwise I(S)=0). The observed average

degree (2.10) for random sampling is, as expected,

k(z,y,2) = z(2+yk). (3.4)

Interface Focus (2011)

cases. For instance:

— Random bond and/or node undersampling, i.e. z= 0:

@ w1 )

K>k

p(k|z,y,0) =

(1—ay)".

_(”“Z)kz k0 D)
2 .

(3.5)

This implies that if we sample from a graph with Pois-
sonian degree distribution, i.e. p(k) = Breh / k!, then
the degree distribution of the sampled graph will be

p(kl, y 0)=($y)k2 et (1— )’
K = (= k).
(ay)*eF
e (3.6)

i.e. again a Poissonian distribution, but with a reduced
average degree k(z,vy,0) = zyk. This recovers earlier
results of Stumpf and co-workers [3,4]. We note also
that equation (3.5) is invariant under exchanging z
and y, so sampling all nodes and a fraction z= ¢ of
the bonds is equivalent to sampling all bonds and a frac-
tion y= & of the nodes. We show in §4.1 that this
equivalence between bonds and nodes under random
undersampling also holds for the degree correlations.
In figure 1, we show the predicted degree distributions
(3.5) together with the corresponding results of
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Figure 1. Effect of random node undersampling (a,b) and bond undersampling (¢,d) on the degree distribution of synthetically

generated networks with size N =

3512, average connectivity k = 3.72 and Poissonian degree distribution (a,c) or power-law dis-

tributed degrees (b,d). Different symbols correspond to different fractions of sampled nodes (0.5, 0.7 and 1 as shown in the legend)
and predicted values (symbols connected by dotted lines) lay on the top of data points from simulations (symbols connected by

dashed lines), obtained by averaging over 50 samples.

numerical simulation of the sampling process, for syn-
thetically generated networks with size N = 3512 and
average connectivity k= 3.72 (as in the biological
PPIN of Caenorhabditis elegans [13]) and Poissonian
and power-law degree distributions. The agreement
between theory and experiment is perfect.

— Random bond oversampling, i.e. z=1y=1:

SO 35 oI ()

n>0
)@ankﬂkgn+m)

p(k|1, 1, 2)

m-+n

("

:Z (K
kK 1>0

2()

, kfk'+s —1)
212 ﬁ

<k s>0
=0

As with random undersampling, we observe that
sampling from a graph with Poissonian degree dis-
tribution, i.e. p(k) = K e /! leads to a sampled

n

3

5M ¥

(3.7)
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graph that is again Poissonian, but now with
average degree k(1,1,2) = z+ k:

P, 1,2) = e Y

q<k

k! <$q
>< e —
= gk —q) \z

ek ) +k b
- k! z

Results from numerical simulations applied to Pois-
sonian and preferential attachment networks are
shown in figure 2 together with the corresponding
theoretical predictions. Again the agreement
between theory and experiment is perfect.

A e*k Sh—q zkef(brz)

q!

e (B2 (k + )
k! '

(3.8)

3.3. Degree distribution for connectivity-
dependent sampling

In the case of connectivity-dependent sampling, where
2(k), y(k,k") and z(k,k") are no longer all degree-indepen-
dent, one can no longer evaluate (3.9) without
knowledge of the degree—degree correlations in the
sources graph c. However, the average (3.9) over the
graph ensemble with controlled degree correlations is
still feasible. In appendix A, we calculate the marginal
(A 24) of the expected kernel W(kk'|x,y,z) for the
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Figure 2. Effect of random bond oversampling on (a) the degree distribution of synthetic Poissonian graphs and () synthetic

power-law graphs, both with size N =

3512 and average connectivity & = 3.72. Different symbols correspond to different fractions

z/ N of ‘false positive’ bonds, with z=0, 2, 5, 10 as shown in the legend. The theoretically predicted values (symbols connected by
dotted lines) are found to lay perfectly on top of the data points from simulations (symbols connected by dashed lines), obtained

by averaging over 100 samples.

sampled network, from which we obtain p(k|z,y,2) via
the connection (3.1). One always has p(0|z,y,2) =0,
whereas for k> 0:

22 (@p(a){alq) T (klq) + qb(q) L(kq)}

(3.9)
with
min{k—1,q} k—1-n
—a(q a"(q)
Ta) =0 Y (Z)(kf—qn)'b (g)
X (1 - H(g)"" (3.10)
min{k—1,¢—1} 1
L(K|q) = @ 1
(ko) > ("))
akflfn
T - b (3
and
a(g) = p(d)(d)(g,9),
q¢>0
b(g) = q}%q);) ()l ) W(g, q) (3.12)

The average connectivity k(z, y, 2), as given in obser-
vables (2.10), is easily obtained from equation (3.9)
using normalization of the conditional probabilities
J(klq) and L(kq)

Z kp(k|z, y, 2

_ qu(Q)p(q)[a(Q) + gb(q)]
B >, p(@)z(q) ' (3.13)

Let us now work out these results for the ‘natural’
types of connectivity-dependent samplings, where the
likelihood of observing nodes or links is proportional
to the degrees of the nodes involved, with a € [0,1]:

33?/7
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— Connectivity-dependent node undersampling, i.e.
:L'(k) = ak/kmaxv y(kakl) =1, Z(kak/) =0
Here, we have

a(q) =0,
q\ i q—k
o)k =k( 1)V - o0)" =D
(3.14)
and
S w@alg) =
_ pgale) =L
b W4, 3.15
(¢) = km; dW(q,q (3.15)

This leads to

qap\q) ( 4
plta1,0)= 3 2 (1)
>k
K
¢ Wi(qq
(e 7
_ —
% ( ak Z /W( /)>q
— q 4,9
qp(q) Fmax 5=
(3.16)
and
a k&
k(a,1,0) = qqd W(q,q -,
kﬂldx qq/z>0 kfﬂ‘dx k
(3.17)
where k®) = N1 Dk CiCikche 15 the average

number of paths of length 3.
— Connectivity-dependent bond undersampling, i.e.
a(k) =1, y(bk") = a kk' /Koy, 2(kE) = 0:
This choice leads again to equation (3.14), while


http://rsfs.royalsocietypublishing.org/

Downloaded from http://rsfs.royalsocietypublishing.org/ on August 17, 2017

842  Effects of sampling on complex networks

A. Annibale and A. C. C. Coolen

(@ 12F o
e} 0-0z=0
o AvA =)
XX 7=5
o-az=10
° A--Atheory z=2
x--x theory z=5
--a theory z=10
— A e
+
—
=2
=
_

k+1

Figure 3. Effect of connectivity-dependent bond oversampling (i.e. z(k) = 1, y(kk') = 1, 2(kk') = akk' /K ) on
distribution of synthetic Poissonian graphs and (b) synthetic power- IQaw graphs, both with size N =
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(a) the degree
3512 and average connectivity
=0,2,5,10, as shown in the legend. Theoretically pre-

max

dicted values (symbols connected by dotted lines) are found to lay perfectly on top of the data points from simulations (symbols
connected by dashed lines), obtained by averaging over 100 samples.

equations (3.15) are now replaced by

o )kQ Z qdWi(q,q (3.18)

max ¢'>()

Hence, one gets

k
p(k[1,0,0)=> " p(q ( )( or > ¢ W(g.d )
>k max ¢/ >()

q—k
qdWi(q,q (3.19)
( q) maquz>0 >
and
k(1,0,0) = Z ad W(q,q == 236, (3.20)

max qq¢>0 ‘max

Connectivity-dependent bond oversampling, i.e.
a(k) = y(kk) =1, dkk) = a kE' [}
Here, we have

a(g) = (12;0 p(d)2(g,d) = k‘;’; ¢ bg) =1,
> p(@)a(q) = 1, (3.21)
k—q
L(kg) =e " T _(;;, (¢ < k) (3.22)
and
g @)
J (klg)a(q) e‘>@_1_q)nq§k—n
= (k- q)L(k[q) (3.23)
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Substituting into equations (3.9) and (3.13) yields

p(k|1,1,0) = p(a)L(Kq)
= —qak/ ko M
; plgle G
(3.24)
and
-2
K(1,1,a) =k + Z‘Qk (3.25)

In figure 3, we show the predicted degree dis-
tribution (3.24) together with the corresponding

results from numerical simulations of the
connectivity-dependent bond oversampling
process.

3.4. Summary

We have seen that the degree distributions of large
sampled networks can be calculated and written expli-
citly in terms of the topological characteristics of the
true network, for random and connectivity-dependent
under- and oversampling. From the resulting equations,
we can draw the following conclusions:

— Sampling generally affects the shape of the degree
distribution of a network, with the exception of a
Poissonian  distribution (as for Erdos—Renyi
graphs), where the sampled network will only
have a rescaled average degree compared with
the original. This result is consistent with findings
in Stumpf and co-workers [3,4].

— The degree distribution observed after random node
undersampling of a network is identical to that fol-
lowing random bond undersampling, for any large
graph, if the two (node- or bond-) sampling
probabilities are identical.
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— In contrast, connectivity-dependent node undersam-
pling (where the probability of observing a node is
proportional to its degree) generally leads to a net-
work with a degree distribution that is different
from the one that would result from connectivity-
dependent bond undersampling (where the prob-
ability of observing a bond is proportional to the
degrees of the two attached nodes).

Ym0 U@ P(DP() 20, T (R Q)T K1) + kW (q, d)y(a, ) LKl LK|d)}

4. EFFECTS OF SAMPLING ON DEGREE
CORRELATION FUNCTION

In appendix A, we calculate the degree correlation func-
tion W(k,k'|z,y,z) of large networks that are sampled
according to the general protocol (2.2), from graphs
generated from ensemble (2.4). The resulting, expressed
in terms of the topological properties p(k) and W(k,k’)
of the true network, is

Wk, K|z,y, z) = -

with k(z, y, z) as given in observables (2.10), two con-
ditional distributions J(k|q) and L(k|q) defined in
equations (3.10) and (3.11), and with the short-hands
a(q) and b(q) defined in equation (3.12). We will now

(4.1)

k(z,y,2) >, p(a)z(q)

4.1. Degree correlations for random sampling

For random sampling protocols where 1(¢q) = z,
y(4,¢') =y and 2(q,q') = 2 one has a(q) = 2z, b(q) =

work out this general result for the most common frzmj(iitelﬁ(t]j ) =JHg=1), so (41) simplifies
types of sampling, wviz. node undersampling, bond Y
undersampling and bond oversampling, including both
random- and connectivity-dependent protocols.
o 12(@)p(d)T (k)T (K|d) + ykW(q, ¢) T (klg — )T (K|¢ — 1)}
>0
W (kK |z,y,2) = 4 - (4.2)
b ) y? 2 + yl{;
with Equation (4.5) clearly shows that sampling from
n(k-1.0) graphs in which degree correlations are present will gen-
T(kg) =™ E—1 mmz g erally affect those correlations, even in Poissonian
@v=c 7 — n networks, in spite of the fact that there the degree dis-
" tribution is only changed via a reduction of the average
Anig)y (1—2)"" (4.3) degree. Conversely, if we sample from graphs without
(k—1—n)! Y Y ) ) degree correlations, ie. for which W(k k)=

Formula (4.2) simplifies further for various special cases:

— Random node and/or bond undersampling, i.e. z=
0. Here, we obtain

q

atia=(,*,

) R s CET SR
(4.4)
so equation (4.2) reduces to
g—1\[/d-1

wieKlen0 =3 S wad (1)) (4

=k ¢>¥K a o
x (zy) (1 —ay) T (45)
We note that W(z,y,0), like equation (3.5) pre-
viously, is symmetric under exchanging z and y, i.e.
node and bond random undersampling lead to the
same degree correlations. Therefore, the equivalence

between the two samplings is now fully established
for large graphs drawn from ensemble (2.4).

Interface Focus (2011)

W(k)W(K)= p(k)p(k’)kk’/#7 equation (4.5) reveals
that the degree correlation function in the sampled
graph factorizes in the product of its marginals as
well, ie. W(kK |z,y,0) = W(k|z,y,0) W(K'|2,3,0). This
means that random bond and/or node undersampling
from graphs without degree correlations does not
generate any degree correlations.

In order to observe how sampling protocols affect
degree correlations, we will monitor, instead of
W(kK') itself, the normalized kernel II(kk')=
W(k,K")/ W(k)W(K'), which will by definition equal
unity in the absence of degree correlations. Any devi-
ation from II(kk") = 1 will thus signal the presence of
degree correlations. We show the predicted degree cor-
relations in the case of random bond undersampling,
together with the corresponding results of numerical
simulations, for Poissonian and power-law graphs, in
figures 4 and 5, respectively. In figure 6, we show
numerical results and theoretical predictions for
random node undersampling from Poissonian and
power-law graphs. Results for random bond under-
sampling from the real, biological PPIN of C. elegans
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Figure 4. Normalized degree correlation function II(k,k") = W(k,k")/ W(k) W(k') of two synthetically generated Poissonian graphs
with N= 3512 and k = 3.72 and different degree correlations (as shown in panels (a,b) respectively) before (top panels) and after
(middle panels) sampling, a fraction y = 0.7 of the bonds of the original graphs (data result from averaging over 10? samples) and
their respective theoretical predictions (bottom panels).

are shown in figure 7 (left panels). The agreement
between theory and experiment is very satisfactory;
deviations are small and consistent with finite size
effects. As explained earlier, this confirms a posteriori
that the performance of the biological network to be
sampled (here C. elegans) is similar to the average be-
haviour of the maximum entropy ensemble (2.4),
where p(k) and W(kK') are the degree distribution
and the degree correlation function of the biological
PPIN, respectively. As a consequence, the biological
network can be realistically approximated by a
member of such ensemble. As an additional test, we
generate synthetically a member of the maximum

degree correlations as the PPIN of C. elegans by
using the MCMC algorithm proposed in Coolen et al.
[11]. The degree correlations of the resulting graph are
shown in the top right panel of figure 7 and are in
good agreement with the degree correlations of the
PPIN that are being targeted (top left panel). Note
that the Hamming distance between the biological
PPIN and the synthetically generated graph is 0.93,
so similarity in degree correlations is not consequence
of similarity in the connectivity matrices.®> Theoretical

3The Hamming distance between two graphs ¢ and ¢’ of size N and
average degree k is defined as p(c,c’) = (2Nk) ™" Y ylc; — ¢;’| and
takes values between 0 (c; = ¢;' Vi,7) and 1 (¢;%# ¢’ Vi,j).

entropy ensemble asymptotically tailored to the pro-
duction of graphs with the same degree sequence and
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Figure 5. Normalized degree correlation function TI(k,k") of two synthetically generated power-law graphs with N = 3512 and
k = 3.72 and different degree correlations (as shown in panels (a,b) respectively) before (top panels) and after (middle panels)
sampling a fraction y = 0.9 of the bonds of the original graph (data result from averaging over 10* samples) and their theoretical

prediction (bottom panels).

and numerical results for random bond undersam-  so using our earlier result from equation (3.7)

pling from such randomized -counterpart of

C. elegans are shown in figure 7 (middle and bottom L eFa

right panels). p(k[1,1,2) =e” Z »(q) e (4.7)
— Random bond oversampling, i.e. z=y= 1. ¢=0

Here, we have .
we may write

., Zkflfq
J(klg) =e mf(kz qg+1), (4.6) ZP(CI)J(MQ) =p(k—1[1,1, 2), (4.8)
) 70
which leads to the transparent expression
k il 2k =t
Wik, ¥|1,1 - kE—1]1,1 K —11,1 —2 2 w N . 4.9
(kKL 12) = = ok = UL L p(K = UL L2+ ™2 37 Wiod) g — o (4.9)

q,q=1
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Figure 6. Normalized degree correlation function I1(k,k") of (a) synthetically generated Poissonian and (b) power-law graphs with
N= 3512 and k = 3.72 before (top panels) and after (middle panels) sampling a fraction z = 0.9 of the nodes of the original graph
(data result from averaging over 10* samples) and their theoretical prediction (bottom panels).

We note for later that substituting equation (4.8)
into equation (3.9) and bearing in mind that
L(klq)=Tklg— 1), a(q) =z and b(q) =1, we have

1
p(k[L,1,2) = | 2p(k=1]1.1,2)+) _ p(0)aT (Klg=1) |,

¢>1

(4.10)

which yields

k
p(k—11,1,2) = ;p(k|1, 1,2)

IS wwaten, @

=1
where W (k) = kp(k)/k.
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We now study the effects of oversampling on
graphs without degree correlations. Denoting

S.(k) =Y W(g)T(klq—1),

q>1

(4.12)

which is zdependent via the function J, we may
rewrite (4.9) as

z k k
W (k,k|1,1,2) ~Ts [(;p(kﬂ,l,z) —;SZ(k)>
Koo koo
(Lo -Ls.w)

é > Wig, q/)j(k|q_1)j(k'|q'—l)] .

7,¢>1

(4.13)
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Figure 7. Normalized degree correlation function II(k,k’) for (a) the biological PPIN of C. elegans and (b) one synthetically gen-
erated member of its corresponding tailored graph ensemble, before (top panels) and after (middle panels) sampling a fraction z =
0.9 of the bonds of the original graph and their theoretical prediction (bottom panels). For both networks, N = 3512 and k = 3.72
and data resulted from averaging over 10* samples.

If the original graph has no degree correlation, i.e.
qq
W(g,q)=W(@W(d)=pla)p(d)—, (4.14)
the sampled graph will have degree correlation

Wk K11, 2) = % K’gp(ku, 1,2) — ’55;(1@) (k;/p(k/ﬂ, 1, z>—’;“sz(k’>> +§ Sz(k)Sz(k')}

k+z ]

g
_k

= W(k|1,1,2) W(K|1,1, 2)+ S.(k)S.(K) — W(k[1,1,2)S.(K) — W(K1,1,2)S.(k)

= SO, 1,2) = 5.0) (WOKIL 1,2) = S.(K)) + 2 WKL L2 WKL 1, 2)

= W(k|1,1,2) W(K|1,1, 2) +§(W(k|1, 1,2) — S, (k) (W(K|1,1,2) — S,(K)), (4.15)
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Figure 8. Normalized degree correlation function II(k,k’) of biological protein interaction network of C. elegans (N =
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3512 and

k =3.72) (a) before and (b) after adding a fraction z/N of bonds, with z= 1, and (c) its theoretical prediction. Data obtained

by averaging over 10* samples.

where we have used W(k,¥|1,1,2) = kp(k|1,1,2)/
(k+ 2), in accordance with identity (3.1) and equation
(3.4). For z=0, J(k|q) = 8} 4+1 and W(k|0) = Sy(k) =
W(k), so the second term in equation (4.15) vanishes;
however, for z # 0, this will be generally different from
zero: crucially, but not unexpectedly, oversampling
from a graph without degree correlations automatically
introduces degree correlations. Numerical results and
theoretical predictions for random bond oversampling
are shown in figures 8 and 9 for the biological PPIN
of C. FElegans and synthetically generated Poissonian
and power-law counterparts, respectively.

4.2. Degree correlations for connectivity
dependent sampling

Let us now work out equation (4.1) for the types of
biased sampling considered above.

72
W (k,K|z) =

Frnas KO

_ -1 _ q=K
q - 1> ak " I ak I o

y LU L ) .
<k’— 1 <kmaxqp(Q); ¢Wid.d) k’maxq/p(q/); T4
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— Connectivity-dependent node undersampling, i.e.
.CE(]C) = ak/kmaxa y(k;kl) = 1, Z(k,k,) =0
Here, we have

ak o
b(q) Zmzq: W(q,q)qd, alq) =0 (4.16)

and
_ k—1
q—1 ak 1" 1"
£(Ha) :<k— 1) <kmaxqp(Q)%: T Wiad )>

q—k

Z " Wi(q,q
(4.17)

so our equations reduce to

k—1 _ q—k
ak ! ! q 1 1! ak 1 1
N w W( [ 1%
. qu/ (q,q)qq< ) <kmdxqp E " W(q,q ) ( - > q'W(g,q ))
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Figure 9. Normalized degree correlation function II(k,%") of (a) synthetically generated Poissonian and (b) power-law graphs with
= 3512 and k = 3.72 before (top panels) and after (middle panels) adding a fraction z/ N of bonds, with (a) z=1 (left) and (b)
z=2, and their respective theoretical predictions (bottom panels). Data obtained by averaging over 10* samples.

— Connectivity-dependent bond undersampling, i.e. and
(k) =1, y(kk') = @ kkl/kfnam Akk) =0 k-1
For this choice, we obtain Clk g—1 ak "W " )
( |q)_<k ) kgdxp( )Zq (qﬂq)
q—Fk
b(q) (e ZW 0¢)d, alg)=0 (4.19) « ( Z ' Wi(g,q > (4.20)

which leads to

72

_ k-1 q—k
/ ak N q—1 ak 1" " "
Wk, ¥|z) = — ZW(q,q)qq<k_1> <m;qW(Q7Q)> ( mdqu)Zqu, )

_ K1 7K
q/ - 1) ak " oo
X S~ 1 W(d,q 1- qw . 4.21
(kl - ]' <kIIlpr( ) Z ( ) kInpr Z ( )
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— Connectivity-dependent bond oversampling, i.e.
x(k) = 17 y(k7k/) = 17 Z(k,k,) = akk//kilax
Here, we get

o _
akg/k2, )1 ok
T(klg) =Bt ) (423
and
(akq/k; )k_l_q —akq/k2
klg) = 4/ Mmax)  —akq/kj,
£(H) = e
X I(k>q+1). (4.24)

Hence, we obtain

1 7. 2 .. |12
W (kK |2)=——— o~ (aka/ k) —(akd [k,)
EW(qq) (akq) o
(k_Q)'(k/_q/)' k12nax

/

p(9)p(d)aq

y akqd k,_ql a
k12nax I kr%mx(k_q_]-)'(k/_q/—l)'

" (a%q) b (a%q’) el
kglax k?nax
Numerical results and theoretical predictions for
connectivity-dependent bond oversampling are

shown in figure 10 for synthetically generated
Poissonian and power-law graphs.

(4.25)

4.3. Summary

As was the case for the degree distribution, also the
degree correlations can for a broad class of sampling
protocols be calculated exactly and in terms of fully
explicit relations. In contrast to the degree distri-
bution, for which the sampling problem had already
been studied partly by other authors, we are not
aware of any analytical results for degree correlations.
Our equations revealed that:

— Sampling will always affect the degree correlations
of networks, even in the random (i.e. connectivity
independent) case, if the original networks had
such degree correlations.

— Uncorrelated networks will remain uncorrelated
after sampling only for random node and/or bond
undersampling. Bond oversampling will in general
introduce degree correlations, even in the connec-
tivity independent case.

— Random node and bond undersampling both modify
the degree correlations (and the degree distribution)
in the same way, so they are equivalent for any
graph with prescribed topological features p(k) and
W(k,k'"), as generated from ensemble (2.4).

— Node and bond undersampling cannot be mapped
onto each other in the case of connectivity-
dependent sampling; their effects are qualitatively
different.
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5. DISCUSSION

It is well known that the presently available data on cellular
signalling networks are incomplete, and often suffer from
serious experimental bias, reflecting the highly non-trivial
nature of the experimental methods available for their col-
lection. Yet, a significant number of research papers
continue to be written in which such data are used to
infer statements on the possible biological relevance of
local network modules or motifs. In addition, the signalling
network data are increasingly used for preprocessing gene
expression data in order to derive more robust disease-
specific prognostic signatures [14—16], and will very soon
impact on actual treatment decisions in medicine (e.g.
will be used to suggest which cancer patients are likely to
benefit from which chemotherapy). Given this situation,
it is vital that we understand quantitatively the data
imperfections, i.e. the relation between the true biological
signalling networks probed and the imperfect network
samples of these networks that are reported in public
data repositories and presently used by biomedical scien-
tists. To do this, we need mathematical tools; the
relevant networks are too large to rely on numerical simu-
lation alone. Moreover, unlike simulations, analytical
results can be used in reverse to infer the most probable
true networks from the imperfect observed samples.

Ensembles of tailored random graphs with controlled
topological properties are a natural and rigorous
language for describing biological networks. They
suggest precise definitions of structural features, they
allow us to classify networks and obtain precise (dis)-
similarity measures, they provide precise ‘null models’
for hypothesis testing, and they can serve as efficient
proxies for real networks in process modelling. In this
paper, we have shown how they can also be used to
study analytically the effects of sampling on macro-
scopic topological properties of large biological
networks, under a much wider range of conditions
than those considered in previous analytical studies
(the latter are recovered as special simple cases). We
have obtained explicit expressions for both degree dis-
tributions and degree correlation kernels of sampled
networks, and have been able to do this for sampling
protocols that involve node and/or link undersampling
as well as for link oversampling. Our predictions are in
excellent agreement with numerical simulations.

As could have been expected, the most dangerous
types of sampling are the connectivity-dependent ones,
where the probability to observe bonds or links depends
on the degrees of the nodes concerned. Unfortunately,
present experimental protocols are quite likely to involve
precisely such sampling. We therefore hope that our new
analytical tools, which take the form of explicit and
transparent equations that connect the topological struc-
ture functions p(k) and W(k,k’) of the sampled and the
true networks, can prove useful in explaining and decon-
taminating signalling network data.

The authors are grateful to L. Fernandes, F. Fraternali,
J. Kleinjung and E.S. Roberts for stimulating discussions.
A.C.C.C. would like to thank the Engineering and Physical
Sciences Research Council (UK) and the Biotechnology and
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Figure 10. Effects of connectivity-dependent bond oversampling on the normalized degree correlation II(k,%") of the synthetically
generated Poissonian and power- law graphs (N = 3012 k = 3.72) shown in the panels (a,b), respectively. Middle panels show the
result of simulations for (a) a I /K2, =1and (b) @ i /K2, . = 0.7 (right) and bottom panels show the corresponding theoretical
predictions. Numerical data result from averaging over 10 samples.

APPENDIX A. JOINT DEGREE DISTRIBUTION OF CONNECTED NODES
A.1. Path integral representation of W(k,k'|x,y,z)

Here, we calculate the joint degree distribution of connected nodes (2.12) that will be observed in large net-
works that are sampled, according to protocol (2.2), from typical graphs with prescribed macroscopic
topological features p(k) and W(kA'), as generated from ensemble (2.4). With the short-hands
Wk, K|z, y,2) = Wk, ¥ |z, y, 2)k(z, y, 2) 22, p(Qz(q), k= (ki ..., kv ), and Q= (..., Oy )E[ —m, ™ we
may write

. 1 Tdodo' ) 1
W / _ % § : 2 : ! _ i(wk+w'k’) 1!2 k E I |
(k. K]z, y,2) ]\lflirgo - p(e) < N 7 K Sk’§:£ e 8k’§ :z CI][> Jﬂ. 472 ¢ J\ITEEO ZNJ

<
oA c r<s

E W (kr ]{75) i k W kr k z(o)Jra)’)fiw c,—iw c
S. ’ 2402 4 5 1— ’ D ni G D iy
Crg,1 Np(kr)p(ks)e Crs,0 ”p( T?Z #ij #ij )

o7
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Tdwdw' . . 1 7 . Vo (T —i(Qr+05) _ dn 1
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We next introduce the following order parameters
P(q, Qk, 2) = Zaqkan 0,) (A2)
and insert into equation (A 1) for each (g¢,{2) the following integral:

1= [4P(a.2)3(P(0.0) - Pla, k. D) - (%T) | aP(a.ap (g e e e dusa) ()

This  converts equation (A1) into the following path integral, ~—with the short-hand
{dPdP} =], o [dP(q,Q)dP(q,Q)/27 and with Zy' a new constant that apart from containing Zy absorbs various
factors N and constants that are generated when transforming sums over () into integrals:

W(k, K|z, y, 2) = hm J{deﬂ NY[P,PI+®[P,PI+O(N~ >Z Jd_()d_Q'P(q, Q) P(q, X )x(q)x(q)

N—oo Z,
v (A4)
< (0, ) J do -1+ -1)00.0 J do suw-1+e 1o .2)
T - 2T 2m
in which ®[P, P] will eventually drop out of our formulae (via normalization) and
V[P, P = ZZ Jd_Q[D(q7 0+ Z logJ el H-1P(k D)
1(1 Wi(q, q) (A5)
T G 9) v
+=k JdeQ’P ¢, Q) P(¢, Q) ——2 2 (e7H2) _q
2 %: (o OP(, 2) p(Q)p(Q’)( )
= = W@ d) _iwra
VAN / / ) i(wte)
2(q,0¢,0) = 2(q,¢) + ylg, ¢)k—~——Se AG
( )= A d)+4le0) p(a)p(q) (4.6)
and
Qg0 =Y Jd(l”P(q“, (VB (g, 2 ', D). (A7)
q//
The relevant w-integrals are of the familiar form
dw QOlHE1)Q _ -Q oy _ ¢ 9Q"
J 27,- =€ Z oo (A 8)

n>0
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(unless ¢ < 0, in which case the integral is zero). We also note that by definition we always have the normalization
identity >, oo W(k, ¥'|z,y,2) = 1. So we arrive at:

> alq)ald) JdeQ’P(q, )P 2)E (0.0 ¢, 0)I(Hg, DI(K|{ . )
>y H@)2(q) [d2AY P(q, D) P(¢, 2)E(q, 2 ¢, 1)

(A9)

W(k7 k/|$, Y, Z) = Sk,o Sk@o

with

Qa2 Ok (¢, )
(k—1)!

I(klq, @) =& , (A10)

and in which, via the steepest descent argument, the order parameters { P, P} are the functions that extremize the
kernel (A 5).

A.2. Functional saddle-point equations

Functional variation of equation (A 5) gives the following saddle-point equations for { P, P}:

— oo ) V@D iora)_
0) k%:JdQP(q,Q’)p(q)p(q/>(e 1) (A11)
and
1!2q 1P(q,0)
P(g, ) = p(q) [d e 1Pa)’ (A12)
Equivalently:
R _ o 1!2q+ke 4(q)
iP(q, Q) = FA(q) — ke d(q),  P(q,2) = p(q) (A 7ol (A13)
with
— W(q7 q,) 0 /Q —if) A
#(0) g—p(q)p(q,ﬁd P(d. D) (A1)
and
_ W(‘]y q/) 0 ' 0 A
LURDY S| 197, (A15)

The mtegralb over (2 in equatlonb (A 14) and (A 15) are again of the type (A8), from which we derive
[dQP(q,02) = p(q) and [dNP(q,2)e " = p(q)q/k$(g). This then converts equations (A 14) and (A 15) into

_Xy Wed)d _ b
Hop()) == d A(q)fp(q)z

Since we know the marginal of the distribution W(k,k') to be >, W(k, k') = kp(k)/k (which follows directly from
its definition), we can immediately read off the solution of equation (A 16):

d(q) = A(g) ==. (A17)

W(g,q). (A16)
7

Insertion into equation (A 13) and using equation (A 8) gives the solution of equations (A 11) and (A 12) in
explicit form:

. 0 eia+g e
iP(q, Q) =q—qe and  P(q, ) = p(Q)W- (A18)
A.3. Final result for the distribution W (kk'|x,y,z)
We can now evaluate the various ingredients of equation (A 9). The function (g, {2) becomes
— 0 1
Qg ) = p(d)a(q)2(q, d) +Fe ' —=> " 2(¢)y(¢, ¢) W(q, q). (A19)

¢>0 p( q) q¢>0
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Hence
Jdﬂdﬂp(q,Q)P(Q’,Q’)E(q,!2;q’,ﬁ)f(k\q,ﬂ)l(k’lq’ﬂ)
. p(q)q! d iQq+¢e 72— Q(q,0) NHk—1
_—qq(k_l) J27Te q+q q Q ( Q)
y P(q/q/)(q/)! Jdﬂ i ¢+qe? —Q(q .02 Qk’ (¢,0) (A20)
()" (K =1)1) 2m

= W(a,d) _yora
x [Z(q, q)+y(q, q’)’f#e “M”]

p(9)p(q)
=p(q)p(d)2(q,d) T (kla)T (K|d)+EW (.4 )y(a,q)L(k|q) LK)

in which

— ! d0 - _
j(k|£])=3koﬁj 5C el2+qe” ”Qk L(g,0)e Q(g,02) (A21)

and

_ q! dn .
£(Ha) =Bt [ e g (g, o) 00, (422)

Summation over k reveals that Y, J(klq) = 3,2 L(klg) = 1 for all ¢> 0, which leads to the final result:
W(k, K|z, y, 2)
> o HD2 )P Dp(d) 20, )T KT K1d) + FW (g, ¢ )y(a, ¢ ) LK LK)}
> pg=02(@)z(d){p(a)p(q)2(q, ¢)+kW (g, ¢)y(q, ¢)} (A23)
D WO DP(@p(d) 20, )T (Kl T (K d) + EW (g, ¢)y(a, )Lk q)L(K] )}
k(z,y,2) 32, pl@)(q) '

with k(z, , 2) as given in equation (2.10). The marginals of W(k,k'|x,y,2) are obtained trivially by summing equation
(A 23) over k', giving

> o HO2()P(@)p()2(q, )T (Kla) + kW (g, ¢ )y(a d)L(Kl )}

W (k|z,y,2) = k(z,y,2) 3, p(g)z(q)

(A24)

A.4. Explicit expression for the factors J(k|q)
To carry out the integral in equations (A 21) and (A 22), we first write Q(¢,2) as Q(¢,Q2) = a(q)+b(q)ge % with

a(g) =Y p(¢)z(q)2(q, ¢) and b(q) = i > ald)y(a, d)W(g,q). (A 25)

We note that, owing to >, W(q,¢) = (q¢/k)p(q), we can be sure that a(q) € [0,1] and b(q) € [0,1]. Substitution
into equations (A 21) and (A 22) and integration over (2, for ¢ > 0 and k > 0, then leads to

T =t S (7 )ak1”<q>b"<q>q"

n=0 i (A26)

d() . minqk—1,q q ak—l—n(q> 8

Qg—n)+e(1-b(g))e™? _ j~a(q) () (1= b(g)) "

= = () a0 - o)
and, similarly,
E(kl ) _a(q)111in{k—zl~,q—1}<q_1) kflfn( q) bn( )( b ))qflfn (A7)
q)=e - VY] q .
~ n (k—1—n)!
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Clearly, J(k|q) > 0,L(k|q) > 0 for all (k,q). Since the factors (A 21) and (A 22) also satisfy the normalization
Do The = 1,> 40 Lrg =1 for all ¢> 0, they can be interpreted as conditional probabilities, as suggested by
our chosen notation.

A.5. Tests

To test our expression (A 23) we set (k) = =z, y(k) = y and 2(k,k") = 2, and try to recover from equation (A 24) via
identity (3.1), our earlier results on the degree distribution for unbiased sampling. We now find a(q) = 2z, b(q) = =y
and k(z,y, z) = 2(z + ky), which implies that

min{q,k—1}

Zkflfn
e D (3 (A23)
and
L(k|q) = T (klqg—1). (A29)

Let us inspect the following cases:

— Perfect sampling, i.e. t=y=1 and z= 0.
Now there should be no difference between the kernel W(k,k’) and the observed kernel W(kk'|1,1,0) of the
sample. Here, we see that equation (A 19) simplifies to Q(¢,Q) = g~ *%; hence a(q) = 0 and b(q) = 1 leading to
L(k|q) = 8,1 and therefore to the correct identity W(k,k'|z,y,2) = W(k,K').

— Unbiased node and/or link undersampling, i.e. zy<1 and z=0.
Now we have k(z, y,0) = kzy and

gt = (1,4, )0 -m) a2 - ), (A30)
which gives
1 N7/ k/—l k-1 Kk
W(kie,.0) =5 ok (K 7 ) a0 - ) (A31)
K>k

and therefore we recover the correct expression

kx
p(klz,,0) = =¥ W(kz,3,0)

. 7 - (A32)
@) (-
K>k o
— Unbiased bond oversampling, i.e. z=y= } 1and 2> 0.
Now k(1,1,2) = k+ z and J(k|q) = e’zﬁf(k > g+ 1), which results in
(L1 2) = £ W(E1,1,) = DIOMENED SOTHUTES
z) = — = — —_
p ) 2 2 q 7)q q
k—1 k k (A 33)
Zk=a 2F-1 k ﬁ
(
—Z
S o S s e 20
q=0 q=1 =0
which is indeed the correct result identified earlier.
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