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Abstract

We generate new mathematical tools with which to quantify the macroscopic
topological structure of large directed networks. This is achieved via a statistical
mechanical analysis of constrained maximum entropy ensembles of directed
random graphs with prescribed joint distributions for in- and out-degrees and
prescribed degree—degree correlation functions. We calculate exact and explicit
formulae for the leading orders in the system size of the Shannon entropies and
complexities of these ensembles, and for information-theoretic distances. The
results are applied to data on gene regulation networks.

PACS numbers: 87.18.Vf, 89.70.Cf, 89.75.Fb, 64.60.aq

1. Introduction

There is a great demand, especially in cellular biology, for precise mathematical tools with
which to quantify topological structure in large observed networks. Such tools can be used to:
compare networks; distinguish between meaningful and random structural features; and, to
define and generate tailored random graphs as null models or network proxies. In a previous
paper [1], it was shown how a specific family of tailored random graph ensembles, with
controlled degree distributions and controlled degree—degree correlation functions, is well
suited for generating such tools. The authors of [1] applied techniques from statistical
mechanics to calculate explicit formulae for the leading orders in the systems size of
the Shannon entropy per node for these tailored graph ensembles, and related quantities
such as complexity and information-theoretic distances. Subsequent papers were devoted

1751-8113/11/275002+20$33.00 © 2011 IOP Publishing Ltd Printed in the UK & the USA 1


http://dx.doi.org/10.1088/1751-8113/44/27/275002
mailto:ekaterina.roberts@kcl.ac.uk
mailto:ton.coolen@kcl.ac.uk
mailto:thomas.schlitt@kcl.ac.uk
http://stacks.iop.org/JPhysA/44/275002

J. Phys. A: Math. Theor. 44 (2011) 275002 E S Roberts et al

to the numerical generation of graphs [2] from the proposed ensemble families and the
application in cellular biology of the resulting mathematical tools [3]. For an overview see
e.g. [4]. The main limitation of [1] was that it only dealt with nondirected networks and
graphs. In this paper we take the next step and develop the corresponding theory for directed
ones.

Extending the methods in [1] to directed networks will enable their application to important
new problems especially in cellular biology. Other applications could include the analysis
and control of communication and computation networks. For example, to understand the
processes driving a cell it is necessary to go beyond studying individual genes; one needs
to study their interactions. Information on how genes interact within the cell is commonly
represented by a directed graph: the gene regulation network. High-throughput methods have
generated a wealth of data on gene regulation. We now need powerful mathematical tools to
analyse these data. By focussing on which properties are the most important to the structure
of the biological signalling network, we can envisage being able to postulate mechanisms for
how the network evolved and came to fulfil its function, and build better models for such
networks. Evaluating the fit of a network model to network data is often seen as a formidable
computational challenge [5], which is usually overcome by looking at fit based on comparing
network properties. Our approach gives a rigorous quantitative method for prioritising
network properties; this is important as different properties might promote different potential
models.

The use of statistical mechanics to quantify the information content of network structure is
well established; see e.g. [1, 6-8]. Most work so far has focused on undirected networks. The
network properties most frequently studied are degree distributions, clustering coefficients,
assortativities and path length statistics. There has also been research on occurrences of
motifs and subgraphs, motivated by the idea that if a network favours specific local topological
patterns then these might reflect common local processes. A particular benefit of the approach
followed here and in [1] is the compact and explicit nature of the final formulae. Although their
derivations are involved in places, the final results are compact. They take easily measured
topological observables as input, avoid the need for numerical simulations or approximations,
and are easy and efficient to use as our (biological) datasets grow. We therefore imagine
that this line of research will continue to develop, by adding further macroscopic network
observables, beyond degree statistics and degree correlation functions. Each addition will
make the method more powerful and useful.

The specific quantities calculated in this paper are: the Shannon entropy and complexity
of directed graph ensembles with controlled degree distributions; the Shannon entropy and
complexity of directed graph ensembles with controlled degree distributions and controlled
degree—degree correlation functions; and, the symmetrised Kullback—Leibler distance between
pairs of such ensembles. For each of these we calculate the leading orders in the network
size, expressed in terms of the controlled degree distributions and degree—degree correlation
functions of the ensembles concerned. We illustrate the use of our results in section 5 with
applications to experimental data on gene regulation networks.

We adopt the following notation conventions. Each directed graph with N nodes is defined
by a matrix ¢ = {c;;}, with entries ¢;; € {0, 1} indicating whether (¢;; = 1) or not (¢;; = 0)
there is a directed arc from node j to node i. For each node i we define the so-called in- and
out-degrees, viz. k"'(c) = 3_;c;i and kn(e) = Y j ¢ij> in nondirected graphs such as in
[1] one would have had k}“ (¢) = kP"(c) for all i. We write the pair of degrees at a site i as
7@ (c) = (k}“(c), k*(c)). Boldface letters will represent ordered sets with N elements, such
as k™ = (K", ... kD), or K™ (c) = (kI"(0), . .., kil (c)).
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2. Directed graphs with controlled in- and out-degree distributions

Here we calculate the Shannon entropy of an ensemble of directed random graphs constrained
by a common joint distribution of in- and out-degrees. Via suitable adaptations of the methods
developed for nondirected networks, we achieve a standard path-integral form to which we
can apply the method of steepest descent. This leads to an elegant analytical expression for
the entropy of the ensemble in the leading orders in N. The key term takes the form of a
Kullback-Leibler distance between the imposed joint degree distribution and the Poissonnian
one that would have been found upon generating directed arcs independently.

2.1. Definition of the problem

We consider an ensemble of directed random graphs, where degree pairs /2,- = (k}“, k?”‘) are
for each node i drawn independently from a specified joint degree distribution p(lz):

pe) =Y [TTrt|peel...ky) .1
kidy i
plclky. . ky) = M Zki kv =Y [Toie @2
Z(ky. . ky) — L Lk

For this ensemble we want to find the Shannon entropy per node S = —N~! > . pe)log p(o),
which informs us about the effective number N' = exp(N S) of graphs in the ensemble and
the complexity of directed graphs with the imposed degree statistics p(k). Upon substituting
(2.2) into the entropy formula, and after some simple manipulations and use of the law of
large numbers, one finds that the entropy per node takes the form

S = %Z []‘[ &) |log Z(Rr ... Joy) —3_ pbylog p(k) +e. 2.3)
Kiody k
where ey — 0 as N — oo. To make the first term in this expression more tractable, we
transform Z (7(1 e I;N) into an average involving an alternative measure. If we denote the
average degree by k = N~! Y ki = N~ Y~ k%, we may define the measure

, k k
U)(C|k) = 1_[ [ﬁaCi,',l'F(l_N) 86,,-,0]

ij

_ A N(N-1) _ Nk(c)
|k k/N = W () 2.4)
- N 1—k/N N ' ' ’

Since this measure depends on the graph ¢ via k(c) only, we can write the partition function
Z (k1 kN) in terms of an average over the measure (2.4), viz.

Zk ... W(k 5 Z w(clk) ]_[sk o (2.5)

Introducing the notation (f(c)) = . w(c|/<) f (c) to represent averages over the measure
(2.4) with average connectivity «, the entropy per node can be written as

s=52 [UP(’;f)] log <1_[5kk<))k - ;p<%) log p(k)

ki..ky

| ) z N(N=1) N W
_N];Z];[Up(ki)]log [“ﬁ} [m] +ey



J. Phys. A: Math. Theor. 44 (2011) 275002 E S Roberts et al

= %‘Z [l_[ P(/;i)] log<H8;ijq(c)>]; — Z p(k)log p(k)
! k

kioky 0
+ (k)[ log(N/(k)) + 1] + ey (2.6)

with limy o £y = 0, and with (k) = Y k™ p(k) = Y7 k" p(k). All the complexity of the
problem is thus contained in the first term of (2.6):

¢ = %kz [Hp(iii)] 10g<17[5,;‘_,,;[(c)>k. 2.7)

1...kn 4

2.2. Entropy evaluation

Using Fourier representations of the Kronecker deltas in (2.7) and some straightforward
manipulations brings us to

1 - 4 d id i ; _in+ . Joout
b=52 [Hp(ki)} tog l_[[—c:nzw ellrtih ]}Lw,w) 28)
i : -

1...kn !

L(w, ) =exp | kN (%Z eiw') %Xj: e Wi | —kN+OWN® |. (2.9

Introducing the quantities R(w) = N~!Y", e and S(3p) = N~!'Y", e7¥", and inserting
f dRdSS[R — R(w)]38[S — S(v)] with §-functions written in integral form, allows us to write

dRARASAS i hressiirs— o,
L(w, ) = /4772—/]\72 e NL(RR+85)+k(RS DI+O(N®) He i[Re™ii + 8~ 1 (2.10)
Substituting this back into ¢, using the law of large numbers, then gives
1 - N . P
¢ = ¥ Z [ ]‘[ p(k,-)] log /dR dR dS dS eNY(R.R.5.5)+0(log N) (2.11)
7(1...];[\/ i
where
N A oA A - : Tdw . ki — R =i
W(R, R, S.85) =i(RR+8S) +k(RS—1) + > p(k™) log/ — ellok"—Re™]
kin - 277:
T
d B out __ Qa—iy
+ 37 p(k™) log %e‘wk —Sev (2.12)
fout -7

The average in (2.11) over degree sequences is now obsolete since the argument depends in
leading order in N on their distribution only, and (2.11) can be evaluated by steepest descent:

Jim ¢ = extry j 5 sW(R, R, S, 8] (2.13)
— 00
We can simplify ¥ by doing the remaining integrals, using

[ g L 3 A [0 iy G

. 27 m! . 27 k!
m>=0
Hence
W(R,R,S,8) =i(RR+8S) +k(RS—1) + Z p (™) log[(—i RV K™
kin
+ 3 p(k™) logl(—i8)*"/ k1], (2.15)

Jeout
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Differentiation of W gives the following saddle-point equations:

—iR = kS, —iS =kR (2.16)

iRR+k=0,iSS+k = 0. (2.17)
We conclude that RS = 1, and hence at the saddle-point we have

W(R, R, S, 8) =) pk™logmp (k™) + Y p(k™)log m (k™) (2.18)
kin out

with the Poissonnian degree distribution 7z (k) = e ¥ k¥ /k!.

2.3. Final analytical expression for the entropy of the ensemble

The intermediate result (2.18) can now be substituted back into the expression for the entropy
of the constrained random graph ensemble defined in (2.6), giving

< p(kin7 koul)

S = kllog(N/k) + 11 =) p(k™ k") log 2 Gy (o)

kin, Jout

> + N, (2.19)

where k is the average connectivity, N is the number of nodes in the network, p(ki“, k") is its
degree distribution that constrained the random graph ensemble, and limy_, » {y = O.

The compact form of (2.19) enables us to interpret and understand this result for the
entropy per node. For example, we can consider what the result would have been if the
constraint on the ensemble had been less restrictive. If our ensemble was a maximum entropy
ensemble on the space of all directed graphs, but now constrained by the average degree
only (as opposed to the full joint in- and out-degree distribution), then the entropy per node
would have been S = E[log(N /k) + 1]. We see that this is identical to what we would obtain
from (2.19) if the constraining degree distribution was p(ki", koY) = (k™) (k°); a trivial
calculation confirms that in the maximum entropy ensemble with constrained average degree
one indeed has p(k™™ k%) = m (k"7 (k") for N — oo. Similarly, if we had chosen a
maximum entropy ensemble of directed graphs constrained by a prescribed degree sequence
(as opposed to a joint degree distribution), then the entropy would have taken the form

S = k[log(N/k) + 1] + Z pk™ k°Y) log[mz (k™) (k)] + C . (2.20)
kin.koul

This value is seen to be simply (2.19) minus the Shannon entropy of the joint degree distribution
p (k™ k°'Y, reflecting the possible ways to relabel sites in the original ensemble; this freedom
is removed once we specify the individual degrees rather than their distribution.

3. Directed graphs with controlled degree distributions and degree—degree correlation
functions

We extend our calculation to directed graph ensembles that are constrained further, by imposing
a degree—degree correlation function in addition to a degree distribution. Degree-degree
correlations in networks are known to carry valuable information. They can give rise to
properties such as ‘assortativity’ or ‘disassortativity’ and often reflect the algorithm responsible
for a network’s generation. One such algorithm, ‘preferential attachment’, is well illustrated
by the World Wide Web, where pages are more likely to be ‘linked’ to if they already have

5
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many pages linking to them. Preferential attachment models such as [6] gained credibility by
reproducing the typical fat tails often found in the degree distributions of real networks.

3.1. Definition of the problem

We now wish to generate graphs with degree pairs (k}“, kf“t) again drawn independently

from the distributionﬂp(lqc) = p(k™™ k°"), but now the link probabilities are modified by
some function Q(k;, k;| p) of the degrees of the nodes concerned, and their distribution, with
k ( km kout)

peelp. @ = Y [T]rlo ok .. kn. 0) 3.1
kioky 1
w(clki ... ky, Q) [T 8 ko)
Zky ... ky, Q) (.2)
2. 0 =Y wielks ... ky, Q) l_[%,/z,»(c)-

(&

plelk ... ky, Q) =

The difference with the graph ensemble in the previous section is the appearance of a new
measure w(c|k1 kN, Q), defined as

w(clky ... ky, Q) = l_[ [ O (k. k;1p)3.,. 1+<1——Q(ku k; Ip)> cij,0 } (3.3)
i#j
with Q(ki, k;|p) > O for all (k;, k;), and with the distribution p(k) = N~'Y, &;; and
the average degree k = N~! Y kit = N7UY " ko of the imposed degree sequence. The
objective of the measure (3.3) is to deform the graph probabilities such as to impose a specific
correlation profile between the degrees of connected nodes, by a suitable choice of the kernel
0(.,.). Wetake Q(., .) to be normalized such that w(c]|...) is asymptotlcally consistent with
the average degree k. This means that we demand N2 )", ; Q(ki, kj|p) = 1. Equivalently,

Zk,k, p(k)p(k )Q(k, k’|p) = 1, which explains why Q¢(., .) depends on the distribution p.
The entropy per node S of our ensemble is

S=-Yplclp. 0)Q(clp. Q) (3.4)
Q(clp. Q) = N~'log p(clp. Q). (3.5

3.2. Entropy evaluation

In appendix A we calculate the quantity (3.5) in leading orders in N, resulting in formula
(A.23). Substitution into expression (3.4) for the entropy, followed by doing the average over
p(c|p, Q) and some simple re-arranging of terms, then gives us

o - p(k)
S = k[log(N/k) + 1 Z P(k) log |: (kMg (kout):|

—k

S wi ,;,)log[ze(mp, Q) Q. K1p)SEp. Q)] +Ey (3.6)

W (k, = =
£ Wi Wa (k)
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with llmN_wo iy =0, mp(k) = e‘kk"/k' andk =Y ; p(k)k‘" =>7 p(17<)1<Ollt The kernel
W(k k' ) and its two marginals W, 2(k) in this expression are as defined in (A.8, A.9, A.10),
but now calculated for graphs from our ensemble (3.1). Similarly, the quantities R (k| p, Q)
and Q(k|p, Q) are now solved from

7 1,in 7 7,0ut
RG) = — PO S = - POKT (3.7)
kY 7z Qk, k| p)Sk’) k) z QW' klp)R(K)

in which the distribution p(lz), its associated average k, as well as the kernel Q(l; l;’| P,
correspond to ensemble (3.1). Thus the correct normalization of the kernel Q(.,.) is
Zk v p(k)p(k) Q(k k’|p) = 1. What remains is to express the distribution W(k K |p, Q) for
ensemble (3.1) in terms of {p, Q}. This is done in appendix B, resulting in (B.3):

lim Wk )= RKk|p. Q)Q*.K|p)SE|p. Q) (38)

in which R(l;|[3, Q) and S(l;|p, Q) are once more the solutions of (3.7), but now with p(/?)
replaced by p(k). Combination with (3.6) then gives us

S = Kllog(N/B) + 11— Y p(k) log [ﬁ]
;

n,;(km)ﬂ/;(ko“t)
_ - Wk k) |
—k Wk, k)1 — |+ (3.9)
§ % [Wl (k)%(k/)} EN

with limy_, o €y = 0. Compared to the entropy per node (2.20) of ensembles where only the
in-out degree distributions are imposed, we see that imposing in addition our new constraint,
the specific degree—degree correlations as embodied by W (k, k), leads to a reduction of the
entropy by an amount proportional to the mutual information of in-out degrees of connected
nodes. An analogous result was derived in [1] for nondirected graphs. It can immediately be
seen that if the in-out degrees of connected nodes are statistically independent, then the final
nonvanishing term of 3.9 will be zero. Hence the entropy of the ensemble will in that case be
the same as though the only constraint was the degree distribution.

4. Quantifying structural distance between networks

4.1. Derivation of the distance formula

In this section we define and calculate an information theoretic distance between two directed
networks A and B, with in-out degree distributions p4 (k) and p B(k) and with degree—degree
correlation functions W4 (k K )and Wp (k K ). We generalize to the present context of directed
graphs the choice made in [1], viz. the Jeffreys divergence (i.e. symmetrized Kullback—Leibler
distance) per node of the two associated ensembles from our family (3.1):

1 pclpa,Qa)
Dpp = N {p(c|pA’QA)log|:p(c|pB, QB)]
p(clps, QB)“
r(clpa, Qa)
Dap is non-negative and equals zero only when both networks A and B belong to the same
tailored graph ensemble (i.e. have equivalent constraints). Upon writing the Shannon entropies
per node of the ensembles A and B as S, and Sp, we have

Dyg = 3(Sap + Spa — San — Ssp) 4.2)

+p(clps, QB)IOg[ 4.1

7
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where, using the abbreviation (3.5),

Sap = IZ( ) log p( )
AB=— a p(clpa, Qa)log p(clps, Op

=—Y_ plclpa, Q)(clps, Op) (4.3)

with Q(c|p, Q) as defined in (3.5). We may now use result (A.23) of appendix A, but in doing
so it is vital to keep track carefully of the labels (A, B) of the degree distributions and kernels.
In partlcular accordm_g to (4 3) we must make in (A 23) the substltutlons p(k|c) — pa (k)
W(k K le) = Wu(k, k), p(k) — pB(k) and Q(k k/|p) — QB(k K |pa). This leads us to

N—o0

i k % k E 7 in
lim Ssp = — ;PA(]C) log pp(k) —ka |:l + log (FA)] — ;PA(]C) log(k TS

R(k|pa, OB) S(klpa, Op)

k

k)k 7 jout
+ZpA(];)kin]0g [M}_'_ZPA(%)koutlog [M}
k

—ka ) Walk, K)log Qp(k, K'|pa) (4.4)
k'

in which R(l;|pA, Q3p) and S(l_<)|pA, Q) are to be solved from

7N 7.in 7\ -out
RO = — Pa®K™ gy o a0k @.5)
kad 1 Opk,K|pa)SKk’) ka i Qp(k' klpa)R(K)

Hence, upon assembling and combining the various terms in (4.2) and upon using relations
such as (A.9, A.10) and (B.3) to simplify the result, we find

patk) | 1 . (k)
Dap = _ZPA(k)l g|: (k):| + E;PB(k)IOg |:p = :|

DB A(k)

Wak, k)
| R(klpa. Q) Q5 (k. K'|pa)S(K'|pa. Q) |

+= kAZWA(k k') log

?w‘l

1. - Wk, K |
+-kg Y Wy, k) log | — sl k) . (4.6)
2 ir | R(klpp, Qa)Qalk,k'|pp)S(K'|pp, Q) |

According to (B.3), the product Wag(k,k') = R(Kk|pa, Op)0Qsk,K|pa)SK|pa, Op)
equals the joint distribution of in- and out- degrees of connected nodes in an
ensemble of the family (3.1) that would have been obtained upon choosing the hybrid
combination {p4, Op} of degree distribution and wiring kernel, where Qp is normalized

8



J. Phys. A: Math. Theor. 44 (2011) 275002 E S Roberts et al

according to Z,;,,;, pA(I;)pA(%/)QB(l;,Iz’|pA) = 1. Similarly, the product WBA(I;, 1?) =

R(k|ps, 04)Qa(k, k' |ps)SK'|ps, Q4) would have been obtained for the ensemble
{ps, O}. Thus we may write

. 1 - | 1 - | pek)
AllgnooDAB—E;pA(k)log[pB(lz)}+§27<:p3(k)10g[ »}

pak)

1. R AN
+oka S WAk, ) log | A0
2 A%: P W
1 - [ Wk E) ]
+2kp S Wek, ) log | 2220 | (4.7)
2 Bg T Waa @)

This appealing formula shows that D4p > 0 for all choices of (A, B), with equality if and
only if W4 = Wp; in the later case one automatically will have Wap = Wgy = Wy = Wp.
In the case where degree—degree correlations are absent from both networks one will find
WAB(k k) WA(k k) W, A(k) WZA(k) and formula (4.7) reduces to the Jeffreys
divergence between the degree distributions p4 and pp.

4.2. Practical form of the distance formula

In contrast to W, and Wp, which correspond to the two given networks ¢4 and cp, we cannot
measure Wyp and Wpy; the later would correspond to hypothetical hybrid networks. Hence in
order to use (4.7) in practice it will be convenient to write it in an alternative form:

. 1 5 pat) | 1 . ps(k)
NIEHOODABZEX%:PA(k)IOg[pB(I;)}+§;p3(k)108|: = i|

pak)

Wak, K 1 Wy (k, K
+2kAZWA(k ) log M] Sk Y Wak.K) log [M}

£ Wy 1) £ Walk, 1)
1. .- i Wk, k' |
+ 2k > Walk, K)log | — sk k)
2 17 | R(klpa, Op)Qp(k,k'Ipa)S(K'|pa, Op) |
1. . i Wk, & |
+ kg Y Wpk, k) log | — Ak k) . (4.8)
2 P | R(klpp, Qa)Qa(k, k'|pp)S(K'|pp, Qa) |

If we choose Q4 and Qp to be the canonical kernels for the two ensembles A and B, i.e.

Qak, K1) = Wak,k)/p()p(K') and Qp(k,K'|p) = Wp(k,k')/p(k)p(K), expression
(4.8) simplifies to

. 1 > pat ] 1 . psk)
1 Dip = — k)1 = — k)1 =
Jim Dy 2;17/« ) og[pB(k)}z;pB( ) og[ (k)}

PA

Walk, k)] 1. Wik, k')
+= Ag Ak, K)o [WB(k’k/)] Bg 5k, K)o [Wm,k/)}
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[ pad ] N N
Wiak)log | ———— [+ Wou (k) log | ——2——
; W R, 00 | kZ A8 S®1pa, 00))
> i pB(]_é) ] =, I pe(k) |
Wig(k)log | ———— | + Wop(k')log | ———
; v | RKIps, O | ; * | SE1ps. Q)
4.9)
with R(k|pA, 03p) and S(k|pA, QO 3) to be solved from
- Wia(k)
R(E)/pak) = SR T L (4.10)
A S W IISE) pali)]
. - Wau(k
Sk)/pak’) = 24 ®) 4.11)

Y We(K', )IRK)/pak)]
Next we rewrite the arguments of the logarithms in the second line of (4.8) in terms of
the two degree correlatlon ratios HA(k k) = Wy (k K )/WlA(k) Woa (k) and HB(k k) =
WB(k k’)/WlB(k)WZB(k) We also transform the order parameters R(k| pa, Op) and
S(k|pA Q) to new functions p4p (k) and o4 p (k) via

paR)Wy4 (k) paR)Wau (k)

pas (k) =

Our distance then becomes

lim Dy = —Zm(k)l og [”AE )
PB

1. 7
+ ks > Walk, k') log

kK

R(K|pa, Qp)Wi5 (k)

1 - pe)
(k) 1o S
k)} 2;” g[m(k)}

HA(I_C'v 7{/) +
HB(]_éa /_é,) 2

oap(k) =

“ks

Kk

1- > N 1_ - N
+ ks ; Wia(k)log pas (k) + SKa ; Waa (k) log oag (k)

SKk|pa, Qp)Wap(k)

> Wi (k. k) log

(4.12)

Mk, &)
M4k, &)

1- > - 1._ N S
+ ks Z Wis(k)log ppa(k) + ks Z Wap (k) log o4 (k) (4.13)
k k
in which ,oAB(k) and o4p (k) are to be solved from
papk) = Tk, K)Wos (K)o 14 (K) (4.14)
k’
oap(k) (4.15)

=Y MK, D)Wiak)pzpE).
x

Whenever py = pp or II4 = Ilp (or both), the solution of (4.14, 4.15) will be
LA B(k) = 04 B(k) — 1 for all k. Hence the last two lines of (4.13) represent corrections to
the distance formula, that reflect interference between the constraints imposed by prescribed
degree statistics and those imposed by presecribed degree correlations’.

5 A similar interference term was erroneously omitted from [1], which can be confirmed by retracing the above

arguments and the calculations in appendix A for nondirected graphs. We will summarize and compare our results
for directed and nondirected graphs below.

10
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We note, finally, that although definition (4.1) requires that the networks A and B have the
same number of nodes, the final form (4.13) of our formula does not depend on the (relative)
network sizes. Hence we will apply the result (4.1) also to networks of different sizes, provided
both are sufficiently large, which makes (4.1) more widely applicable to real networks (which
will in general be large, but of different sizes).

5. Tests, comparisons, and applications

5.1. Simple special cases

If the in-degrees are statistically independent of the out-degrees, i.e. p(lz) = p(k'") p(k°Y), the
entropy per node (2.19) of the ensemble (2.1) with prescribed degree statistics but no degree
correlations simplifies to

_ N ) kin Jout
S=k |:log <7)+1] - Z p (k™) log [;f,(((kin))} - Z p(k*") log |:yfk((k°“t))i| +ov G

kin Jeout

with limy_ o ¢y = 0. This, according to [1], is the sum of the individual entropies of the
‘out-graph’ ensemble and the ‘in-graph’ ensemble, calculated as though they were considered
as two separate undirected networks. In ensembles with degree correlations, i.e. (3.1), with
entropy per node (3.9), the additional term that represents the entropy reduction imposed by
the degree correlations does not simplify as a result of assuming p(l;) = p(k™) p(k°Y); the
degree correlations can generate statistical relations between in- and out-degrees that are not
visible in p(lz).

A regular directed graph is one where each node has the same in- and the same out-degree.
Since for a well-defined directed graph, we also have Y ; p(k)k™ = > p(k)k®™ = k,
any regular directed graph must have p(l_é) = & @p- This, in turn, implies also that
Wk, k) = 8. @001 @p- So it is impossible to have degree correlations, and both equation
(2.19) and (3.9) reduce to

S = k[log(Nk) — 1] — 2log(k!) + v (5.2)

5.2. Comparison of formulae for undirected versus directed networks

It is instructive to give an overview of the similarities and differences between directed and
nondirected graphs. Instead of entropies per node, we will also compare entropic results in
terms of complexities. The degree complexity per node Cq4e; 0f a graph c is the difference
between the entropy per node of the associated ensemble (2.1) and the value Sy[k] that
is found for the entropy per node if only the average connectivity k is prescribed (i.e. for
an ensemble with Poisson distributed degrees). The wiring complexity C;, is the further
entropy reduction that results if we go from the ensemble (2.1) to the ensemble (3.1) where
also the degree—degree correlations are imposed. Our results can then be summarized as in
table 1.

Similarly we can compare the formulae for the information-theoretic distance Dap
between two networks c4 and cp, for directed versus nondirected ones. This gives in
both cases limy_,o Dap = DS + DY§ + Dif, where DS is the direct contribution
from degree distribution dissimilarity, D} is the direct contribution from degree-correlation
dissimilarity, and Di/f}g accounts for the interference between degree statistics and the possible
degree correlations that could be achieved. Our distance results can then be summarized in
table 2.

11
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Table 1. Comparison of entropies and complexities of directed versus nondirected graphs. The
entropy per node is given by S[p, W] = So[k] — Caeg[p] — Cwirlp, W], modulo finite size
corrections. For ensembles in which only the average connectivity k is prescribed one would
find the value Sp[k]. The quantities Caeglp] and Cyi;[ p, W] measure the entropy reductions caused
by subsequently imposing a degree distribution p, and the joint distribution W of connected nodes,
and can therefore be identified with the degree complexity and the wiring complexity of the
typical graphs in our ensembles. In directed graphs k= (K™, k°"), where k"1 (¢) = Z ¢;j and

k™ (c) = Zj cji, and Wk, k) = (NB)™! Z” Cijdri i Sk i . In nondirected graphs one has only
ki(e) =3 cij, and Wk, k') = (NK) ™' 3, cij Sk ks S ;-

directed graphs nondirected graphs
Solk] : k[log(N /k) + 1] 1k[log(N/k) + 1]
Calpl s L p®)log| b | 3 pk) log [ 2]

Curlp. W1t R X Wk R log [ 9000 T AR T, 0 Wk, k) Tog [ it |

Table 2. Comparison of the contributions to the distance limy_.oo Dap = = p® " B + Der + D;{“E,
between graphs c4 and cp. Notation conventions are mostly as in the caption of table 1. The
degree correlation rdtlos IT are defined as H(k ¥ ) = W(k ¥ )/ Wy (k)Wz (k ) (for dlrected graphs)
and IT(k, k') = W(k ¥ )/ W (k)W (k') (for nondirected graphs). The functions pAB(k) and g (k)
(for directed graphs) are the solutions of equations (4.14, 4.15). The functions pap(k) (for

nondirected graphs) are to be solved from equation (5.3).

directed graphs nondirected graphs
D g patlog[ 4% ] LY patlog [ 220]
+ T po ) log [ 20 L3 i) log [ 2]
DY Ska g Walk R log [ 1400 LRa Lo Walk, k) log [ ey |
1k S p Wik, B og[gigi ﬁ;] + kg 0 Wik, K) log [gigg;g;]
D YRy Yi o Walk, k) loglpas(®)0ag (k)] ska o4 Wa(k) log pap (k)

% Y Wi (k, kK )loglppa (k)UBA(k )] +%I_<B > Wi(k) log ppak)

The functions pap (7{) and o4p (l;) are solved from (4.14, 4.15). Repeating the calculation
for nondirected graphs shows that there only one function p,p (k) is required (or equivalently,
PAB = 0ag), Which is the solution of

pas(k) = Mgk, KYWa(k')pyp(K). (5.3)
"

5.3. Application to gene regulation networks

A gene regulation network can be viewed as a directed graph, where the nodes represent genes
and the arcs indicate whether (c;; = 1) or not (¢;; = 0) the protein synthesized from gene j
acts as a regulator of gene i. In the present binary set-up, where ¢;; € {0, 1}, one disregards
information on the nature of regulation, i.e. whether it involves repression or activation.

In tables 3 and 4, we show the results of calculating the various contributions to the entropy
of the ensemble associated with the networks of [9] and [10], respectively. Imposing only

12
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Table 3. The tailoring of random graph ensembles by imposing as constraints the values of
increasingly prescriptive macroscopic topological features measured in the gene regulation network
of [9]. This tailoring reduces the entropy per node S in the ensemble in stages, and thereby the
effective number of graphs N = exp[N S] compatible with the network of [9]. We observe that, in
this example, refining the tailoring of the graph ensemble from imposing only the correct average
degree to imposing the correct degree distribution is more significant than the further refinement
of imposing the correct degree—degree correlations. Hence the degree complexity of this network
is significantly larger than the wiring complexity.

Imposed topological property Entropy per node  Entropy per arc

Gene regulation network of Hughes et al (2000)

average degree k 445 7.9
degree distribution p(l?) 19.5 35
degree—degree correlations 1'[(75, l;/) 17.9 32

Table 4. The tailoring of random graph ensembles by imposing as constraints the values of
increasingly prescriptive macroscopic topological features measured in the gene regulation network
of [10]. The tailoring reduces the entropy per node S in the ensemble in stages, and thereby the
effective number of graphs ' = exp[ N S] compatible with the network of [10]. As in the previous
example, refining the tailoring of the graph ensemble from imposing only the correct average
degree to imposing the correct degree distribution is more significant than the further refinement
of imposing the correct degree—degree correlations. Hence the degree complexity of this network
is again significantly larger than the wiring complexity.

Imposed topological property Entropy per node  Entropy per arc

Gene regulation network of Harbison et al (2004)

average degree k 23.2 8.2
degree distribution p(lz) 12.8 4.5
degree—degree correlations I1 (l;, l?) 11.6 4.1

the correct average degree gives the entropy Sp[k]. Imposing in addition the correct degree
distribution (i.e. representing the network by ensemble (2.1)) gives the entropy So[k] — CaeelP].
Imposing additionally the correct degree—degree correlations (i.e. representing the network by
ensemble (3.1)) reduces the entropy still further to Solk] — Caegl Pl — Cwiclp, W1.

In both tables we also show the entropies per arc, defined as S’ = S/k. The latter are
normalised for the average degree. This fits in with the ‘arc centric’ view that the calculations
in this paper and its predecessor [1] seem to have steered us in, where the final answers are
consistently found to be most elegantly formulated in terms of the joint distribution W of
degrees at either end of an arc.

In [9] Hughes et al used a two-color cDNA micro-array hybridization assay to generate
expression profiles in yeast for 276 deletion mutants. We followed an approach published by
Rung et al [11] to construct a network from this data. Two genes g1, g2 are connected by an
arc from gl to g2 if the ratio of the expression level in the mutant where gene g1 is deleted
versus the background standard deviation in the wild-type strain is larger than a threshold. In
this way, we arrived at a directed network with N = 5654 nodes (genes), with an average
degree k ~ 5.6. The degree distribution of this network is characterised by high frequency of
occurrence of low degree nodes; the set of nodes with out-degree zero and in-degree less than
4 covers more than 50% of the set. However, the network also contains some nodes with very
high out-degree.

The authors of [10], Harbison et al reported on a study of DNA binding transcriptional
regulators in yeast. For each of the 203 transcription factors tested they report the genes where
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the transcription factor bound to the putative promoter region. Similar to a previous study
[12] we constructed a network by connecting gene g1, which encodes a transcription factor,
to gene g2 if the measurements were statistically significant (P < 0.001). Their data were
represented as a directed network of N = 3865 nodes, with an average degree of k ~ 2.81.
Compared with the data of [9], the network of [10] is more sparse. It does, however, show a
similar degree distribution pattern — in fact over 50% of the nodes have zero out-degree and
an in-degree of less than 2.

In practice, when the gene network data are collected, a decision has to be made about
the cut-off point where the effect of one gene product on another gene is so small as to be
considered insignificant. If there was no threshold and every small fluctuation was taken to
be evidence of co-regulation, then it would appear that every gene regulated every other gene,
and the network would be complete. Conversely, setting too strict a threshold will risk missing
out on important but subtle interactions.

Changing the threshold would reduce the number of arcs, and hence make the network
more sparse with lower average degree. Our base assumption would be that beyond that, the
main qualitative features of the topology would be maintained. That is, the stricter threshold
would remove arcs indiscriminately across the network. However, it is possible that, for
example, a node would appear to be a ‘hub’ under a lenient criterion, but would lose a large
number of interactions under stricter criteria, so that it is no longer a hub: this would be
a qualitative change to the topology arising from the change in thresholds. The analysis
proposed in this paper is measuring the topological properties of the network (rather than the
network itself). We would expect these results to vary insofar as the topological properties
varied. Figure 1 shows the results of repeating the analysis above for different values of the
thresholds.

The above data all refer to the same organism, yeast; however, they present different
aspects of gene interactions. Hence, even more than for protein—protein interaction networks,
comparison must be done cautiously. The heterogeneity in the data sets emphasises the
importance of developing a suite of tools and measures that can be used to study each network
independently.

6. Discussion

In this paper we have derived several mathematical results for directed random graph ensembles
tailored to match chosen properties of real-world networks. We have calculated the Shannon
entropy of ensembles constrained by a prescribed degree distribution, and of ensembles
constrained by a prescribed degree—degree correlation function (which contains more detailed
topological information than the degree distribution). We have also defined a rational
information-theoretic distance measurement for comparing networks based on their degree
distribution and degree—degree correlation. All this complements and generalises earlier work
done in [1] for nondirected networks. We also identified a correction term to the distance
measure of nondirected graphs which was absent in [1]. A summary of our results and how
they compare with the corresponding formula for nondirected networks is presented in tables 1
and 2.

Our growing suite of quantitative tools can be used to study the properties of large real
world networks. These tools are precise in leading order in N, and take the form of explicit
and transparent formulae which use easily measurable macroscopic parameters as input. The
present generalization to nondirected networks enables their application to gene regulation
networks. We trust that the benefits of having explicit formulae for network complexities
and information-theoretic dissimilarity measures will increase, especially in bioinformatics,
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Figure 1. Each bar on the chart represents a different choice of threshold. Moving from left to
right, the threshold is made progressively stricter so as to exclude approximately 3 percent of arcs
at each step. The left half refers to Harbison ef al [10] data; the right half refers to Hughes et al
[9] data. Within a bar, the top line presents the entropy per bond when the constraint is ‘average
degree’; the next line shows the entropy per bond when the constraint is additionally ‘degree
distribution’; and, the final line gives the entropy per bond for the ensemble additionally targeting
the ‘degree—degree correlation’. Hence the top two shaded areas represent the degree complexity
and the wiring complexity, respectively. Both datasets are plotted on the same axis in order to
illustrate that, although there is some movement with different thresholds, the results for the two
different networks remain distinct and distinguishable for any reasonable choice of threshold, and
are not unduly sensitive to any reasonable choice of threshold.

as we gain experience with using and interpreting the method, and as we increase the range of
topological properties to which we can tailor our graph ensembles.

The focus of our future work will be to increase the number of topological properties that
we can characterise, measure, and impose upon tailored random graph ensembles. Significant
progress has already been made towards including distributions of so-called generalised
degrees, but our priority will be to focus on observables that measure the statistics of short
loops. In the presence of such loops the methods and ideas that we applied so far will no
longer suffice. However, short loops appear to be key biological motifs, so progress in this
direction should yield substantial benefits in terms of applicability of the method in biological
signalling.

Appendix A. Order parameter representation of the graph probabilities
In this section we derive a tool that is repeatedly used in this paper, being a formula in terms
of simple observables and order parameters of the log-probability per node of graphs (3.5)

given the ensemble definition (3.1), in leading orders in N. Upon substituting (3.1) into this
formula, and after some simple manipulations and use of the law of large numbers, one finds

Qelp, Q) =Y p(klo)log p(k) +¢1(clQ) — da(c| Q) + ey (A1)
k
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¢i1(clQ) = 10gw(C|k1,-- Ky, (A.2)
k k(c)Vl
$2(clQ) = logZ(kl,.. Ky, (A.3)
k k(c)Vz
with ey — 0as N — oo, and
Zky, ... ky. ) =Y wielki,....kn. O [ 8 1o (A.4)
c i
w(cu?l,...,IEN,Q):]_[[ Q ki, k; Ip)5¢,,1+(1——Q(k,,k |p)> } (A.5)
i#j

In these expressions k = N~' Y, ki" = N~! 3 k™, p(k) = N~'Y; 61, and the kernel
Q(., .) is normalized locally according to ZE,T« p(/?)p(/?)g(/?, I?lp) =1.

A.l. Calculation of ¢,
The first contribution (A.2) to the entropy is calculated easily:

1 k- - k- = 1
$1(c|Q) = m Z {Cij log |:ﬁQ(ki»kj|p)j| - NQ(ki,kﬂp)} |7c,-=/¥.-(c)w +0 (ﬁ)

Iy
=k(c) 10g|: (e ):|—1 ZW(k K'lc) log ok, k’|p( le)) +O< ) (A.6)
Kk

It involves the in- and out-degree distribution p(k|c) its degree average k(c), and the joint
distribution W(k k’|c) of in- and out-degrees of connected nodes. All are calculated for the
graph c and defined as

- 1

P(k|c) = NZ 8%,1;(0) (A7)
. 1

Wk, k'|c) = VEo lzj:c,‘ja,;,,;i(c)a,;,}j(c). (A.8)

They are related via the two identities

Wi (k|c) = ZW(k Kle) =

A9
() (A.9)

out

k(c)

Wa(kle) = ZW(k/ ko) = —p(kle). (A.10)

The kernel in (A.6) is normalized according to ) 'z . p(l;|c)p(l;’|c) Q(l;, I?|p(.|c)) =1.
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A.2. Calculation of ¢,

In order to calculate (A.3) we first work out the following quantity, which will then have to be
evaluated at (ky, ..., ky) = (ki(c), ..., kn(0)):

< 2 > 1 > N
¢2(k1a"-7kN|Q): Nlogz(kls'-~akNv Q)

1 k- - k- -
= ﬁlOng—[ |:ﬁQ(ki»kj|p)6q/,l+<l_ﬁQ(ki’kj|p)> 5c;,,0:|

c i
X 1_[312,-,12,(c)
1 T da)[ dwl i[o; i+ kO] _

- Nlog/ﬂlj[liwel PR L (w, )P, Q) (A.11)

with
_ E 77 = —i(wi+V;
L(w, 9|p, Q) = 1_[ |:1+NQ(kis kil p)e™ ’+‘[”)—1]:|
i#]j
z T 7 - —i(w; .
=exp |5 D Qi ki p)[e” ) —11+ON) | (A.12)
ij

Upon introducing R (k|w) = N~ > S re @ and Sklyp) =Ny, 8;7,¢ ", and inserting

JTIz[dR (k) dS(Kk)S[ R (k)—R (k|w)18[S (k)—S (k|4)]] with 5-functions written in integral form,
we can write

AR(K) dR(K) dS) ASK) 1ot prirs i
L(w,¥|p, Q) = /1_[|: (k) (k) dS(k) dS( )elN[R(k)R(k)+S(k)S(k)]:| eO(N°>
%

42 /N?
e SR e @i 48 (ki) e Vi |4kN Yg R(I;)Q(Iz,z’\i))S(l?)—?N. (A.13)

Substituting this back into ¢,, and using the law of large numbers, then gives

&2( L) = %log/H[dR(]z) dR(]_é) dS(]_é) dS(lz)]eNlll[R,R,S,S‘lﬁvQ]+(’J(10gN) (A.14)
i
where
VIR, R.S.81p. 01 =1 [RORK+S®)SE]I+k D> RK) QK K'p)SK) —k
i L

o Tdw . yin_ b7ya—io Td kO — S (K)e
+ Z pk) {log/ &0 gk~ Rbe1 | log/ —we‘[“’k —Ske w]} . (A.15)
- . 2T _x 2

After doing the remaining integrals over w and ¢ we get

VIR, R, S.81p. Q1=i) [RERE+3H*)SE)+Kk Y RK) QK. K'|p)SK) —k

k k&
+ Y k™ log[—iR(K)] + Y p(R)k™" log[—iS(k)]
k k
-y P (k) log (k™ 1k 1) (A.16)
k
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For N — oo the quantity J)z(l;l, cees leQ) can be evaluated by steepest descent, giving
limy 00 P2(...) = extrp ¢ s s VIR, R, S, S|p, Q]. Differentiation of W gives the following
saddle-point equations:

—iR(&) = pROk"/R(K) =k ) QKK p)SK) (A7)
*

—i8(k) = pok*/SH) =k Y QK KIPIR(K). (A.18)
*

At the saddle-point we deduce that Z” R(/;) Q(lz, l_é/li?)S(I?) — 1. and that
W[R, R, 8. 81p. 01 = —2k — Y p(k) log (k™ k1)
k

— /7N 7.in = (I out
+> p)k™ log [#} +> Pk log [”EL} (A.19)
i

D, Q) > S(klp, @)
in which the functions R(l?| p,0Q)and S (l?| P, Q) are the solutions of
N = ]; kin N = ]; koul
R(F) = — PO S = — PO (A.20)
k> i Qk, k' p)S(K') k> QK kIp)R(K')
Finally, the quantity (A.3) we aim to calculate is defined as the value of é>(...) upon
substltutmg (kl, .. k ) — (kl(c) kN (¢)). The only occurrences of the sequence

(kl, .. kN) in the formula (A.19) are in the values of p(k) and k, so we obtain ¢,(c|Q) by
makmg in (A.19) the substitutions p(k) — p(k|c) and k — k(c). We conclude that

¢2(C|Q) = —2]} — Zi’(l_é) log(kin!kout!)
i
Bk in p( ) ln OU[ p( )kOUt
+ (k)k™ log P log (A2
Z’?:p [R(k' } ; [S(klp Q)}

in which p(k) = p(kle) and k = k(c), and in which R(k|p, Q) and S(k|p, Q) are the
solutions of

R(k) = - PWKT , Sk) = = pOK™ (A.22)
kY z Ok, k'|p)S(K’) kY 7 QK kIp)R(K")

A.3. Final analytical expression for Q

The intermediate results (A.6, A.21) can now be substituted back into expression (A.1), which
gives a formula that is seen to depend on c only via W(k k’|c) and p(k|c)

Q(clp, Q) = Z p (k) log p(k) + k[1+log[k/NT] + Z B(K) log (k™ k*1)
k i

o ~ ]_é kin N ~ ]_é kout
= ¥ plokntog | 2| S p gt o | ZEET
- REP. Q)] 4 S&1p. Q)
+k ) Wk, k') log Q(k. ' p) +ey (A.23)
ko WG )=W @ ¥ 1e), po=p(Elc)
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with limy_ o £y = 0,k = Y0 k" p(k) = Y7 k" p(k), and with the two functions S(k|p, Q)
and R(k|p, Q) to be extracted from (3.7).

Appendix B. Calculation of the kernel W

For large N the kernel W (k, k') = (Nk)™' Y, cij8; 6.z will be self-averaging in the
ensemble (3.1), i.e. with probability one any graph generated randomly according to (3.1)
wilLeyihibit the same kernel, modulo finite size effects. Thus we may for N — oo calculate
W (k, k) as an average over the ensemble (3.1):

k. k iz, 1T P
Wik = R 3% ke | Crs
X;e: Z Z(ky...ky, Q) Z 1_[ ki ki (o)
TS By Ky . 1
” l—[|: Q(kl’k |p)6c‘/ l+(1__Q(kl7k |P)) ¢ij,0 :|
i
= Z Z 5/2,1?,?12/,12: ni p(kl) f l—[ |:da)[ d"ﬂt l[a) Ky, kou1]i|
N2 rES Ty Ay Zky ... ky, Q)

- - . 1
—i(w,+¥;)
x Q(ky, ks|p)le [HO(N)}

E - - .
< [1 [“ﬁQ(ki,kjlp)[e‘(“”'“”")—1]]

i#]

[1; pk) / [dw, Vi o iney, kom]]
Ok, 1<|p>ZZ(k1 0 7]"[ =

x L(w,%|p, Q) (%Z%,;ﬁ‘“‘”) (%Z‘S%'AC_M [”O (%)}

B )T p &) dR(@) dR(G) dS(g) d5(G)
=0k Klp )XTE Z(k1 kv, Q) /1_[|: 4n?/N? :|

k.. .ky

% oV DiR@R@+S@S@HEN ;5 0@.6|P)R@S@G@)—kN+O(N)

x R(k)S(k)H f [dwdw ARG SR "”] (B.1)

We now write Z (lq kN, Q) also as an integral over order parameters, as in our earlier
derivation of (A.19), but noting that now the relevant degree distribution is that of our ensemble
3.1), 1.e. p(k) instead of p(k) This gives

Wk, k') = [1+0 (ﬁﬂ Q(k,k)];;]:[p(ki)
AT 4R@ dR@) dS@) d5() I35 L0t M R ) S ()
JT1; dR@)dAR(§) dS(G) dS(G) eNVIR-R.551p.C1+0l0g M)

. (B2)

where the non-extensive terms in the exponentials of numerator and denominator are fully
identical, and with W as defined in (A.15), modulo the replacement p — p. The summation
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over degree sequences has now become obsolete, and for N — oo we obtain
lim Wk k) = Rklp, @ Qk.Kp)S&|p. Q) (B.3)
in which R(§|p, Q) and S(l?|p, Q) are to be solved from
- p(j‘)fm . *) = = P@”‘f‘“ _
kY p Qk, K| p)S(K") kY p Q' kIp)R(K)
with the average degree of our ensemble, k = Y ; k" p(k) = Yz k" p(k).

R(K) (B.4)
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