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Summary

1. Network analysis is widely used in diverse fields and can be a powerful framework for studying
the structure of biological systems. Temporal dynamics are a key issue for many ecological and evo-
lutionary questions. These dynamics include both changes in network topology and flow on the net-
work. Network analyses that ignore or do not adequately account for the temporal dynamics can
result in inappropriate inferences.

2. We suggest that existing methods are currently under-utilized in many ecological and evolution-
ary network analyses and that the broader incorporation of these methods will considerably
advance the current field. Our goal is to introduce ecologists and evolutionary biologists interested
in studying network dynamics to extant ideas and methodological approaches, at a level appropri-
ate for those new to the field.

3. We present an overview of time-ordered networks, which provide a framework for analysing net-
work dynamics that addresses multiple inferential issues and permits novel types of temporally
informed network analyses. We review available methods and software, discuss the utility and con-
siderations of different approaches, provide a worked example analysis and highlight new research
opportunities in ecology and evolutionary biology.

Key-words: dynamics, flow, graph theory, network, time aggregated, time ordered,

time-scale

Introduction

Network analysis is of current and growing importance in
diverse fields including ecology and evolutionary biology.
Many biological systems consist of interconnected units and
can be usefully modelled as networks, which are mathematical
constructs describing a set of edges between vertices (Albert &
Barabasi 2002; Proulx, Promislow & Phillips 2005; Diestel
2010; Newman 2010). The identity of each varies with the
system and question of interest — for example, vertices can be
genes, proteins, neurons, individual organisms, species,
geographic regions, etc. and edges can represent regulatory
interactions, binding affinities, synapses, social associations,
predation, gene flow and so on (Dunne, Williams & Martinez
2002; Proulx, Promislow & Phillips 2005; May 2006;
Bascompte & Jordano 2007; Wey et al. 2008; Sih, Hanser &
Mchugh 2009; Bascompte 2010). Network topology refers to
the structure of edges and vertices and can be quantified with a
range of statistics about the pattern of connections among

*Correspondence author. E-mail: bblonder@email.arizona.edu

vertices. Processes of flow can occur on these edges, repre-
senting transfers of resources, disease, information, etc.
Network theory provides a basis for analysing outcomes that
depend on network topology or flow and is thus a powerful
framework for testing hypotheses about biological interactions
by measuring and comparing network variation.

Questions of network dynamics are of key interest for many
ecological and evolutionary systems, for example, how and
why the topology of the network changes over time, how these
changes affect the flow of resources (or disease) through the
network, and the nature and importance of feedbacks between
flow processes and topological change. However, network
dynamics can be quantitatively challenging and difficult to
address and are largely unaccounted for in most extant net-
work analyses (James, Croft & Krause 2009; Sih, Hanser &
Mchugh 2009; Bascompte 2010).

In the current standard framework, networks are usually
taken as representations of a system aggregated over a certain
limited time interval. It is difficult to ask questions about how
and why a system changes over time using this static abstrac-
tion, which is based on several critical assumptions. Specifi-
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cally, this approach assumes that the network’s topology is
fixed; processes of flow are at a dynamic steady state; edges
represent persistent interactions; interactions are sufficiently
stable to address the question of interest; and there is sufficient
sampling so that the structure of the network is accurately and
completely known. Together, these assumptions imply that the
chosen representation of interactions is sufficient to evaluate
equilibrium situations, but breaking them, which occurs in
many real networks, can lead to a range of serious inferential
problems (Box 1). Many networks involve dynamics but have
so far been analysed using methods more appropriate for static
systems. Thus, while these assumptions permit some simple
and fast analyses, an explicitly dynamic approach can be more
useful.

Temporal dynamics and network analysis 959

Here, we review current approaches that address the need
for incorporating temporal dynamics into network analysis of
observational data in ecology and evolutionary biology. Our
goal is to introduce ecologists and evolutionary biologists
interested in network dynamics but that may currently be unfa-
miliar with the concepts and techniques already available. We
survey basic concepts that are important in dynamic network
analysis as well as recent advances in a range of disciplines and
their applications in ecology and evolutionary biology. Fur-
thermore, we discuss considerations in determining the appro-
priate network representations for the dynamics of interest and
highlight important ecological and evolutionary questions that
can be understood as network dynamics questions at different
time-scales. These concepts are brought together via the time-

Box 1. Common inferential problems can arise when different time-scales are important to networks. Here, we highlight four common types of

problems.

a. Standard static network analyses measure a set of interactions with the implicit assumption that edges in a network are permanent

associations. If instead, interactions are brief, rarely connected vertices may appear connected more often than they should be,
changing the topology of the network. Varying the window over which to aggregate interactions into a network can produce a
range of topologies and resulting inferences. Too short of a window, and no individuals are connected; too long of a window, and
perhaps all individuals incorrectly appear connected (James, Croft & Krause 2009; Blonder & Dornhaus 2011). Alternatively,
weighting edges by interaction probabilities can represent true levels of connectivity.

. If networks change more rapidly than an investigator samples (e.g. if the dashed edge in the illustration changes state during sam-
pling of interactions), dramatic changes in topological dynamics can occur (Stumpf, Wiuf & May 2005; de Silva et al. 2006,
Franks et al. 2009). Edges may not be persistent, well defined or adequately sampled at the time-scales of interest.

. Simulated removal or addition of edges and vertices often neglect topological dynamics of a network. Investigators may incor-
rectly assume that networks do not change their structure in response to a perturbation (Albert, Jeong & Barabasi 2000). Many
networks rewire edges in response to perturbation, potentially even at time-scales relevant to flow dynamics. Removal simulations
that do not include rewiring should be considered critically if rewiring could occur at relevant time-scales.

. The ordering of events is important to flow dynamics on a network and can affect inference about resource flow processes. Interac-
tions that are aggregated into a network may suggest that individuals are connected to each other. However, the ordering and tim-
ing of interactions imply that some paths are causally impossible, and some paths that appear short in terms of number of edges
may be long in time delay (Holme 2005; Chan, Holmes & Rabadan 2010; Blonder & Dornhaus 2011). In this example, the short-
est-length path from A to D is A-B-D, but the shortest-time path is actually A-B-C-D. Also, until Saturday, A can spread a
resource to D, but D cannot spread a resource to A. Neither inference is possible without knowledge of the ordering of events.

(a)
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ordered network framework, which unifies dynamics at multi-
ple time-scales, resolves common inferential problems and
enables many new types of analyses. We provide a guide to
time-ordered network analysis that includes computational
resources, work through an example application and identify
research areas where this framework may be valuable.

Two types of dynamics: topology and flow

Our concept of the network, and what it represents, depends
on two key types of dynamics: flow processes on the network
and changes in the underlying topology of the network. Flow
dynamics are how resources, contacts, information, disease,
etc. are propagated between network vertices, for a given set of
vertices and edges. Topological dynamics are how the network
structure changes through variation in the identity or weight of
edges (sometimes known as ‘rewiring’). Systems may exhibit
one or both types of dynamics, and questions of interest will
determine the appropriate focus. For example, evolutionary
and seasonal changes in the interactions between multiple
species in a pollination network (Bascompte & Jordano 2007,
Petanidou et al. 2008) are topological dynamics. Alternatively,
resource exchanges between plants and animals (e.g. biomass
in a food web (Jarre-Teichmann & Pauly 1993) or disease in a
population (Rothenberg ez al. 1998)) would represent flow
dynamics.

The relative times-cales of underlying processes can be
important to understanding both topological and flow dynam-
ics. Topology can influence flow, and also flow can influence
topology. If both are occurring on a similar time-scale, feed-
backs between the two may exist. In the example of disease
transmission on a social network, contracting the disease (the
result of flow processes) can result in changes to interactions
with others (Croft ez al. 2011a), either through changes in the
sick individual’s behaviour or through changes in response of
others to that individual and thus to the topology of the net-
work (Fefferman & Ng2007; Bansal e al. 2010; Romano et al.
2010). Networks that exhibit coupling and strong feedback
between the two time-scales are sometimes considered ‘adap-
tive’ or ‘co-evolutionary’ (Gross & Blasius 2008).

Time-ordered networks as a unifying
framework

A framework for analysing network dynamics that unifies
topology and flow dynamics is available through the concepts
of time-ordered networks and time-aggregated networks
(Kempe, Kleinberg & Kumar 2002). Both types of networks
can be used to study different aspects of topological and flow
dynamics, as shown below. This framework encompasses
many extant approaches to network dynamics and can be used
not only to avoid the critical issues discussed earlier (Box 1)
but also to enable novel and temporally informed analyses.
References to extant studies, computational tools and future
opportunities are organized thematically in Table 1 and cited
from within the text. Additionally, the free R package ‘timeor-
dered” implements many of these analyses, using any data that

list the identities of vertices and edge occurrence time for each
interaction. We provide an example analysis of ant colonies
using time-ordered networks that highlights the power of this
framework (Box 3).

TIME-ORDERED NETWORKS

For many network phenomena, the order, duration and timing
of events can be critical (Box 1d) (Moody 2002). Time-ordered
networks represent data observed for a set of interactions that
occur at certain times, thereby retaining complete information
on the ordering, duration and timing of events. Graphically,
vertices in a time-ordered network can be represented as a ser-
ies of static networks with edges distributed over the time
dimension. Vertices always move forward in time, and edges
between vertices are visualized as arrows drawn at the start
and stop time steps for an interaction (Box 2a). The arrows
can be bidirectional if the interaction is undirected (i.e. A inter-
acts with B implies B interacts with A). Thus, the time-ordered
network is a complete record of all observed interactions at all
time points which describes all flow and topology changes.
Time-ordered networks have also been called temporal net-
works (Holme & Saramiki 2011), temporal graphs (Kostakos
2009), dynamic networks (Carley 2003; Lahiri ez al. 2008) or
dynamic graphs (Berger-Wolf & Saia 20006).

Mathematically, time-ordered networks are directed acyclic
graphs (Diestel 2010). In the graph, a ‘temporary vertex’ is cre-
ated at the start and stop time for each interaction and assigned
a label corresponding to the identity of the corresponding ver-
tex in the static network. Thus, in the time-ordered network, a
single vertex in a static network (e.g. Individual 1) will be repre-
sented by multiple ‘temporary vertices’ (e.g. Individual 1, at
time #,; Individual 1, at 1,). Next, an edge is created between
‘temporary vertices’ at the start and stop time of each interac-
tion, and a directed edge is created that connects the ‘tempo-
rary vertex’ to itself at the stop time for one interaction and the
start time for the next interaction. If certain vertices do not
exist at some time points, the investigator may choose to either
keep the vertex in the network without recording any further
interactions (e.g. an animal that has temporarily left the area of
observation) or instantiate a new time-ordered network with-
out this vertex being present (e.g. an animal that has died and
will never interact again). The latter approach may be more
appropriate when using statistics such as the network diameter
that are sensitive to global connectivity or extra zeros.

Time-ordered networks can be used to answer many
descriptive questions about flow dynamics (Table 1, F2). For
example, how fast (if at all) can a resource propagate from
one vertex to another? Determining these causally permitted
pathways of resource flow is possible with time-ordered net-
works by tracing any line that follows a non-decreasing path
in time (Kempe, Kleinberg & Kumar 2002). An example is
shown as a dotted yellow line in Box 2a. In Box 1d, we show
how for several apparently connected vertices, A can trans-
mit a resource to C via B only by interacting with B before
B interacts with C. Similarly, bounds on resource flow can
be determined by determining shortest-time or shortest-

© 2012 The Authors. Methods in Ecology and Evolution © 2012 British Ecological Society, Methods in Ecology and Evolution, 3, 958-972



961

Temporal dynamics and network analysis

(Sd[eW UBY) 19)SBJ
UOTRWLIOJUI dIBYS SI[BWJ
Op :INOIABYIQ [BIO0S

(Iud)sisuod diysioquuiot

dnoi3 st so[eos-own) jeym
JOAO LINOIABYSQ [BUWIUY

(surarord

[e1ued A[jeuonouny

yum A[renuarojord

JorI Ul SUIjoId PIA[OAd
Amau op :uonnjorg

(STBIA U2IM]DQ JURISISUOD
s1ojeurfjod jsieoads jo
AIMuapI Ay} SI WSIENINJA

[SIaY)0
Uuo uondunxd sarads
Juo jo syedwr ay) oq

[IIM JBUYM UOTJBAIISUOD)

() VNAIS
‘() vadaN
‘(¥) paIopiodwny

(M) VNAIS ‘Aquwo)

(¥) pareprodwny
‘(9 vNEIS

(9 AVALSIN

() VNAIS
‘() NIomjpuorweukp

‘() 1omeIs

(010T yoN3s % yung op ULA

‘s10p[TUg) S[opoW Paseq-10Jok OIISLY0IS

‘010z pueeT % 319800g “Niddoy ‘600T

uunN 2 zuelq) sisA[eue uoIsnyip paseq
-yromidu ‘(yduosnuewr siyy) Junduwesoy

(6007 PBAYIIYAY) SIBI UOHBIOOSSE PIsse]
(QT10T 77 12 1J0ID 10T0T UBWMON]) $1osqns
YI0M)U TUIPIP 10 SANSTIR]S JI0MIU
juapuadop-own jo Surduwresar ‘(010g v 12
ryUONIA (0107 2dwoy 2 ypueueueylednue]
‘oM -10319g <2007 odway]
2 JIOM-I9310g ‘ypururueylednue])
SWILIOZ[B UONIIP AJunwwio))

(3duosnuew

SIy) (Q110T v 12 1j01D) Surduresar

‘(010C YolSaIS 79 Jung op Uk ‘siopliug)
(JNVS) S[opoul paseq-I1019® dNSBYI0IS

(110T noyz %

07 “110T 180V % ep[oy “Karpun(] :010C

19812qUIaMYDS 29 UAUISOY ‘SIapiug /007

JIOM-10312¢ % LY ‘00T S1oquIey ¥

[[omoN-u2qrT) uonorpard arnyonins (L00g
urwEpg % Y19S) AJBSNED JO JUISSISSY

(aduosnuewr
s1y3) sonsnels juopuadop-own 03
parndde spoyjowr uOISSaISaI puB SILIdS S ],

(010T 77 12 [epudY)) SuILILd] [BIOO0S

(600T *7» 12 1ZU9H) SuoneIOOSSE [e100S dewLid Jo

doudisisiad ‘(1107 snequio( 29 Iopuojg) syI0mdu

[B100S JUB UI UONIBIIUAIOYIP JoyIom-udanb

(1107 Toz310M10S 29 AUOIdJ ‘YIIOY]) SINAI0S
uoisnj—uoissy jeq ur diysroquaw Ajrunwwo))

(1107 snequio( 29 I9puo[g) SYIOMIU JOASUT [BIOOS

"(010C dureiuog 29 yneqay 1) Liqels (600¢ 72 12

YNUBWOY) SS90NS UOISBAUL (()()(T ZOUTLIBIN 29

SWeIIA) A[qUIdsSe qom-pooJ (L00T ouepiof 7
a1dwooseq) syI0m}ou dnsienInu [eWIue—jue]q

“(600C

Sue] % Aop\ ‘urelswinig) [esrodsip jownrew (9007

v 12 Yoe[) Sylomiau [eos aewrd ‘(4007 P 12

9qUIOdSNT) SIUSWUOIIAUD J[QRLIBA JOpPUN SYIOM]AU

Juad A1oreIn3dar 1sedk (6007 ‘7P 12 P1O) Sylomidu

1801301 (1661 Aned 29 UISUISLIYD) ‘SIdNBAL)

009 19UJ0 pue (¢661 /P 12 S3U]) sqam pooj

ur pue (800 UOMR[[O 2 JOSBA\ ‘UOIIB[Y) SWIISAS

10jeurjjod—ueld ur fyqerrea rerodwal ((010g

‘v 12 OUIZOIUB]S 8007 JNUBWOY 2 97}0T ‘[[0D)

UOBPRISIP qOM-POOJ Ul UOJBPRISIP [BIIF0[0Id

“(600C SWEIIA\ %9 UUNC]) SGIM POOJ UT SUONIUNXT

3unsay sisayjodAy
puB UuoNI9[as [POIN ‘14
() sonuvudp mopy

sdnoui3d

U29M)2q UOTJBLIBA JO

pUE $2INJONIS JI0M]OU

Judysisiod Afreroduwoy
JO uonesynuapy[ ‘yL

3unsey sisayrodLAy
puUB UONII[AS [OPOIA "€ L

Q18IS YI0M)U JULIND
Wodj 2)8}S YI0MIdU
aIminy jo uonadIpaid ‘¢l

uoneqaniiad 10 10)08]
[BUIO)XS O YIOM)U JO
osuodsar SuLmseay 11

() sonuvudp jpor3ojodo

suonjeordde arnny ojdwrexg

2IBM1JOS 901 JqR[IBAY

2IBMIJOS PUB SIOUIQJAT SPOYIOIA

S9ouaI9ja1 A30]01q K9]

wo[qold

$32IN0SsaI _NEOC.ESQQHOU

JIqe[IBAR PUB S30UdIdJI A9y ‘suonsanb pareys sjy3ysiy o[qe) syl soyoroidde sOIUBRUAP YIOMIOU [[JIM PISSAIPPE 9q P[nod A30[01q Areuonnoad pue A30[090 ur suonsonb yoressar odnny ‘I djqe L

© 2012 The Authors. Methods in Ecology and Evolution © 2012 British Ecological Society, Methods in Ecology and Evolution, 3, 958-972



962 B. Blonder et al.

(asis1ad sjuage oidnnw
uaam)aq uoneradood ued
uayMm :A109Y) A1euonnjoayg

({SUOISAI JUIIPIP
U22M)2q MO dUAF S)rwI|
yeym :suonendodeld

(Sururoped
uone}agoA dreds-adeospue]
01 peo[ syueld [enpraipur
U2IM)2q SUOTIORIIUL
op Mot :A30]007
(19Y10 yord
JOBIUOD S[RWIUE [IIYM
ul I9p1o Ay} uo juapuadop
orwopido ue jo peards
AU} SI :SOIWRBUAP 9SLISI
(S[ENPIAIPUT SNJB)S
-3y ysnoayy Ajprdex
JSOW MOp UOTBRWLIOJUT
SOOP :INOIARYAQ [RIO0S

(somueukp uonemdod uo

() pa1opioowny

030TI9N

(¥) paropiodwn

‘() 10ourdo

‘() JIomjoudrwreuAp
‘() Puwess

() pa1opioawny

(9002

UBWAMAN 79 SW[OH ‘00T SnIselq % ewlT.d

'ss010) sisA[eue AN[IqeIs (600C YSNYOW

2 IOSURH ‘YIS) SYI0MIAU [BINOIARY]
(8007 sniserg 2 sso1n) syromjau 2andepy

(800T sneA 7 S1oquioy

‘S1UISSOY]) sapou udamiaq egedord

0] S92INOSAI 10J SAR[IP AW} WNUWITUTUL

uo spunoq JuIysiqe)sd SAOUL[ JO0[d

101994 <(010T /7 12 SURL, {Q010T [V 12 TesIeY]

(G007 IseqeIeg) SUONORIANUI UOM]Q SIUIT)
Sunrem (g007 SWIOH) $ApouU Jo A[Iqeyoray

(600T 17 12 sANBX 1600T

A911R)) % ZIuBI]) S[OPOW PIseq-juase pue
(T00T WeIJJOA))) S[POW BJRWOINE IB[N[[QD)

SISK[BU® UOISNYIP PIseq-yIomiou

“(010T /v 12 SuBL 00T /P 12 LIYE]

00T 17 12 epouuQ) yred pamoqe Aue

'IA A[[RONISEY203S Jo (3duosnuew SIyl) (G007
JwjoH) syied 1s9110ys UO MOP JO uoneBMWIS

(110T 17 12 ysexeld)

s[enplArpul [enuongur surpuy ‘(jduosnuewr

sIY) (£00T sopae], % Srequiopy ‘edwayy)
SYI0MIAU [BIOOS UT d0UINJUI SUIZIWIXBIA

(110T SDIRISLIYD % UBWSIQLY ‘PuBy
{1107 uuewWweg % 1504 I9p UBA ‘[Ud] 1107 IV 12

UapAIg GOOT NBMON 29 MONeH ‘UBULIAQAIT) M So)e)S 9[qBIS
jorIdIUI A1) s1oulted Ay Jo Ainjuopl pue YI0MIdU JO IO Sawes Jo
Joquinu 9y} d3urYD AvW SJUIFE AIAYM SIWRD) SAWOIINO0 JO uondIPAId ‘7D

SMOIJ 20IN0SAI puB SAB[P

(1107 snequio( 29 I9puog) SYI0MIAU JO3sul [BIDOS QW) JO JUSWRINSBIA "[D

(D) sonuvudp pajdno)
“(L00T Asjojo 29 urisddy)
suoIseAul sa1ads pue (L0(g /P 12 Uo[uedS)
uone1dsaA Jo uonnqrysip [eneds 10J spppow
BIRWOINE IR[N[[D ‘(O[T UAID) 29 I0AMT.0)
uro)3ed [Bo130[000010BW JO UISLIO (£007 /P 12
uewgney (66 udsuyor 3 urwygney]) sodeospue]

oandepe pue suonorIAUI 9UdS (6007 910d ¥ S[opow paseq-[enpIAIpUl
ourozs 900z /7 12 BNSIYO $00T 119920 10 SQWeS JO SawoIINo
2 yoeqsulry ‘By]) uoneradoos jo uonnjoAq J[qels Jo uondIpaid ‘¢q

(010T 17 12 Tepua’y])
Surured| [e100s (1107 /P 12 UBW[[OA\-IIUIJ

110g snequio 2 I9puolg 8007 SneN) moy
S109SUI [BID0S UI 19JSUBI) UONBULIOJUI 10 90IN0SIY 90IN0SaI JO UoneNWIS ‘{4
moy
SurZiumuI 10 SuZIuIxew
(010g seuof % 10J Jueprodur sassaoold 10
QYIRS (L0 SIOASIA 29 Z[OA) 9SBasIp Jo peaidg SOpOU JO UOTIBOYIIUAPT "¢
(110z ‘0102

r[ojua))) d[doad usamioq uonewIojul (0107 7 12
ourwOy ‘0107 Uepeqey 29 sewjoy ‘uey)) ojdoad
UM ASBISIP “(£66] ANBJ 29 UUBWYDIIS -d1Ie()

qam pooj B ur saads uaamlaq sseworq

(0107 v 12 ouRWOY 600T ‘[P 12 SYUBIJ-BAOPUIS

100332 9yeuontodoidsip e {8007 SneN {,007 UOSWOY ] Pue I21181S1110) Smoyy

aAey s101epard IS[eIoUAT (L661 Aneg S[eWIUR U2aM1aq PooJ (1107 /7 12 1Y 900T 901nosal jo uonemdiuew
op :suonorrdjul drydoa], () pa1opioawn 29 USUISLIYD) ‘SIA)[BAN) SOIWURBUADP qaM-POO,] KeN) suonendod uaamiaq s[enpIAIpul JO MO[] 10 UONBAISqQ ‘74
suoneordde amjny sjdwexy QIBM]JOS 991J J[qR[IBAY QIBM]JOS PUB SIOUIDJAI SPOYIDA SeJURI9JaI A30[01q A9 waqoId

(ponupuoD) °f dqeL

© 2012 The Authors. Methods in Ecology and Evolution © 2012 British Ecological Society, Methods in Ecology and Evolution, 3, 958-972



®  Table 1. (Continued)

Example future applications

Available free software

Methods references and software

Key biology references

Problem

statnet (R), Disease dynamics: does

Stochastic actor-based models (Snijders, Van

Behaviour shifts during epidemics (Rothenberg

C3. Response to
perturbation

individual behaviour shift

after infection?

dynamicnetwork (R),

de Bunt & Steglich 2010)

et al. 1998; Gross, D’Lima & Blasius 2006; Shaw

& Schwartz 2008; Funk ef al. 2009; Volz &

SIENA (R)

Meyers 2009; Bansal er al. 2010), variable species
interactions in food webs because of changes in

resource flow (Uchida & Drossel 2007; Ings et al.
2009; Staniczenko ef al. 2010; Valdovinos et al.

2010)
Social insect (Pinter-Wollman et al. 2011; Jeanson

Animal behaviour: how do

Null models of proximity network properties

C4. Consequences of

the movement patterns of

(Blonder & Dornhaus 2011; Bode, Wood &

Franks 2011)

2012) or animal (Flack et al. 2006; Couzin

2009; Onnela et al. 2010) networks

individual mobility on
proximity networks

individuals affect the spread

of information in the group?
Food webs: if a specialist

Control theory (Zecevic & Siljak 2010; Liu,

Human cooperation (Rand, Arbesman & Christakis

C5. Control of network

predator goes extinct, can

Slotine & Barabasi 2011)

2011), Food webs (Sahasrabudhe & Motter 2011),
genomic networks and organismal development

(Abdallah 2011)

the removal of a second

species permit the

persistence of a third
species of interest?
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unique-vertices paths between individuals. For example, a
question like ‘At least how many unique individuals does a
resource pass through when moving from A to C?’ is impor-
tant for questions about network efficiency or the impor-
tance of certain individuals in determining resource flow.
One can also identify key vertices for resource-spreading pro-
cesses by computing standard network metrics on a time-
ordered network (Table 1, F3). For example, a high
betweenness centrality of a ‘temporary vertex’ (number of
shortest paths in the network passing through this vertex)
indicates that this vertex mediates many resource flow paths
at this time point.

Summary statistics of time-ordered networks also provide
insight into dynamic properties of the system (Table 1, F4,
C1). These metrics can be made explicitly dependent on abso-
lute time and time intervals and thus can provide more insight
into processes underlying networks than static metrics. One
useful metric is the mean time delay between two random verti-
ces over a certain time window. For example, a short average
time for resource flows between some individuals may indicate
membership in a common group, or identifying an individual
through which many shortest-unique-vertices paths pass can
indicate that this individual plays a preferred role in mediating
resource flows. Also, if this time delay is only short for the first
half of the data collection interval and later becomes longer,
we may conclude that the underlying dynamic process is
changing; this group no longer plays a preferred role in
resource flow processes. We further describe applications of
such statistics in the worked example (Box 3). Note that the
details of resource flow on the time-ordered network should
depend on the resource type — for example, some resources like
food are passed on but not retained while others like disease
are passed on and retained. This means that the dynamics of
resource flow processes may shift from a transfer to a broad-
cast process. Using the correct metric for each type of flow pro-
cess is critical; we refer the reader to (Borgatti 2005) for a
comprehensive perspective on this issue.

Simulations or observations of flow dynamics occurring on
networks with fixed topology can be described using time-
ordered networks (Table 1, F4, C2). For a network with fixed
topology whose edges represent potential interactions that
depend on the details of the system, the occurrence and order-
ing of actual interactions can be completely described by a
time-ordered network. The approaches described in previous
sections can then be used to make time-dependent descriptions
and inferences about the system. This approach may also be
valuable for individual-based or cellular automata models
(Wolfram 2002) where network topology is fixed — for exam-
ple, in a cellular automata model of pollen flow between multi-
ple patches with unchanging connectivity, one could simulate
the activity of different pollen carriers and test the hypothesis
that plants with more conspecific neighbours had higher rates
of resource flow. An area of active application is in social learn-
ing, where network-based diffusion analysis (Franz & Nunn
2009; Hoppitt, Boogert & Laland 2010) is used to assess how
the social structure of a group predicts the rate of acquisition
of a new behaviour in group members. This general approach
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Box 2. Time-ordered and time-aggregated networks provide complementary approaches to describing networks and making inferences.

time windows.

(a) Time-ordered network | (b)

—
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©
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a. Time-ordered networks capture all observed data for network dynamics. Vertices move forward in time and are connected by edges
at different times, enabling simultaneous visualization of network topology and flow.
b. Time-aggregated networks are time-ordered networks that have been collapsed to include the interactions that occur within certain

c. Both types of networks can be used for a range of analyses including resource flow simulations, changes in statistics over time and
window size and hypothesis testing of different models for underlying dynamics.

Time-aggregated networks | (C)

Statistical analysis

Mean fraction of
vertices reached
by resource flow

O Time
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[Small window size
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of fitting multiple competing models of flow on a fixed network
to observed patterns of flow would likely be applicable in other
areas.

Similarly, proximity networks have been another valuable
area for the application of time-ordered networks (Table 1,
C4). These networks are relevant to a wide range of animal
groups because they describe interactions between mobile
individuals (vertices) where edges are created when individu-
als are near each other and are destroyed as individuals
move apart. Here, time-ordered networks can describe
group dynamics, and observed data can be easily compared
to networks constructed from null models of individuals’
motion.

Time-ordered networks can also provide insight into pat-
terns in the processes of network rewiring after perturbation
by detecting new temporally variable or persistent structures
or by characterizing changes in flow (Table 1, C3). For exam-
ple, in a food web, energy flows may appear to become more
compartmentalized during some seasons (Jarre-Teichmann &
Pauly 1993); time-ordered network analyses can provide a rig-
orous test of this hypothesis.

Most powerfully, time-ordered networks enable new types
of null modelling of both topological and flow dynamics that
permit inferences to be made (Table 1, F1). Resampling of
time-ordered networks is a powerful approach in which certain

correlations within observed data are randomized while others
are preserved — for example, identities of interaction partners
or times of interactions. This approach is useful for under-
standing the processes controlling a network phenomenon and
for hypothesis testing without needing to meet the assumptions
of more standard statistics (Franks et al. 2009; James, Croft &
Krause 2009; Karsai ez al. 2010). For example, one can deter-
mine whether resources flow between two vertices significantly
faster than expected by simulating a large set of networks that
differ from the observed data only by randomization of the
times at which interactions were observed. If the observed
shortest path length between the focal vertices is indeed shorter
than in some fraction (e.g. 95%) of the simulated networks,
then there are processes causing temporal correlations between
interactions. As with any re-sampling procedure, investigators
must be careful to break only correlations in the structure of
interest while maintaining all other structures in the data set
(Holme 2005). We show how these approaches can be applied
in the worked example (Box 3).

TIME-AGGREGATED NETWORKS

A benefit of time-ordered networks is that they can be flexibly
decomposed into multiple time-aggregated networks based on
selected time windows, which can be analysed with standard
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Box 3. An example analysis using time-ordered (a—c) and time-aggregated (d—f) networks. Many common questions can be quickly answered
using network dynamics approaches. Here, we use data from a study of interactions between individually marked Temnothorax rugatulus ants
(Blonder & Dornhaus 2011). The code for these analyses uses the timeordered R package which is available from http://cran.r-project.org/web/
packages/timeordered/index.html.

a. The interactions between ants can be visualized as a time-ordered network. Shortest-length paths for resource flow can be easily
calculated; one such path between two individuals is shown in red.

b. Resource flows can be traced. Here, resources are simulated as being transferred during every interaction. The hypothesis that
resources originating from the ant queen spread significantly faster than those from worker ants is falsified (P = 0-23) by compar-
ing the distributions of the ‘fraction of workers reached’ at Ar = 1000 s.

c. The effect of time-ordered network structure on network statistics can be quantified. For example, the importance of the ordering
of events to time delays for resource flows can be measured by calculating the observed network-mean vector clock latency at
t = 1440 s and comparing it to the distribution of latencies for a network where the ordering of interactions has been resampled.
Here, the observed network has significantly greater latencies (P = 0 for 1000 randomizations) than the networks with random
ordering of interactions, indicating that network structure retards the flow of resources.

d. The time-ordered network can be collapsed to several time-aggregated networks; here, nine networks with the same size of time
window are shown.

e. Network statistics can be computed for different sets of time-aggregated networks. Here, the degree distribution is shown for the
nine networks shown above (left), four networks with larger time windows (centre) and one network whose time window spans the
observation period (right). The observed properties of the degree distribution are highly sensitive to the time interval and window
size, potentially changing inferences.

. Time-series analyses of time-aggregated network statistics can be used for hypothesis testing or pattern identification. Here, colony
activity level is hypothesized to drive network closeness centrality. The cross-correlation between these time series is highest
(p = 091) at zero time-lag, indicating a potentially strong and immediate causal relationship between activity level and closeness
centrality.
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works are identical to the networks studied using standard

data into a series of static networks. To generate time-aggre-
gated networks, one subsets the time-ordered network at differ-
ent start and stop time points and then projects along the time
axis to retain any interactions that begin or stop within the win-
dow (Clauset & Eagle 2007) (Box 2b). They are sometimes
called panels, waves, or longitudinal data (Robins ez al. 2007;
Snijders, Van de Bunt & Steglich 2010). Time-aggregated net-

approaches, except that they are associated with a given win-
dow of time. This explicit consideration of time allows one to
directly investigate how this time window impacts inferences
about the network (Yeung et al. 2011). Nearly, all extant net-
work data are time aggregated.

Using time-ordered networks to generate time-aggregated
networks lets us study topological dynamics by redefining net-
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work statistics as functions of time window or of total aggrega-
tion time. In Box 2c, we have sketched three examples: a
resource flow metric (fraction of vertices reached at a given
time delay), a topological metric (mean degree on each time-
aggregated network, for two different window sizes) and a like-
lihood-based comparison of two models for underlying topo-
logical dynamics. The dynamics of these time-aggregated
networks can then be analysed at multiple time points. Investi-
gators can then use existing network statistics that have been
made explicitly time dependent (Bliithgen, Menzel & Bliithgen
2006; Fefferman & Ng 2007; Yeung et al. 2011) — for example,
mean degree (edges per vertex) as a function of time and win-
dow size (Box 2c). For example, in an animal social network, a
consistently high diameter (the longest minimum-length path
between any two individuals) may indicate an un-mixed popu-
lation, while an oscillating diameter might indicate fission—
fusion dynamics. Similarly, observing asymptotic behaviour of
statistics over increasing window size (Holme 2005; Leskovec,
Kleinberg & Faloutsos 2005) can also provide insight into
underlying dynamics of a system.

Time-dependent network statistics are also useful for assess-
ing changes in topology or topological dynamics in response to
an external factor (Table 1, T1, C1) — for example, climate
change or experimental perturbation. Besides being of theoret-
ical interest for understanding how populations evolve, these
questions have applied implications in the face of accelerated
anthropogenic changes. Here, standard time series and regres-
sion methods should be used to relate network statistics of
time-ordered or time-aggregated networks to these external
factors (Madden & Clutton-Brock 2009). One could assess a
system’s responsiveness by measuring time delays between per-
turbation and the response of a network statistic using the
cross-correlation between time series, or detect periodic behav-
iour in a system using Fourier analysis to compute the spectral
density of the network statistic’s time series. For example,
aquatic food webs can show multi-year time delays between
forcing because of fishing and response in network topology
(Walters, Christensen & Pauly 1997). A related approach
enables the determination of cause and effect in these net-
works. Using the formalism of Granger causality (Table 1,
T2), one can construct time series of network statistics and use
them to determine whether one set of events causes another set
of events. This approach may be very useful for detecting
sources of variation in apparently complex networks.

Model selection and hypothesis testing (inference of the
underlying rules for dynamics) are now possible (Table 1, T3).
Resampling methods for time-ordered networks have been
described in the previous section and can also be used with
multiple time-aggregated networks (Croft ez al. 2011b). For
example, consider a set of time-aggregated networks describing
social interactions between animals. One could test whether
the mean degree of one group of vertices (e.g. the males) is con-
sistently significantly higher than in another group (e.g. the
females) at multiple time points by randomizing the identities
of all vertices in each time-aggregated network and comparing
the randomized mean degree for each group to the observed
values. Instead, to test whether this mean degree changed over

time for each group, one could compare observed degrees to
those found in networks where interaction times had been ran-
domized across all time-aggregated networks.

More advanced inference tools for time-aggregated net-
works also exist (Table 1, T3). The new field of stochastic
actor-based models (Snijders, Van de Bunt & Steglich 2010)
(and their extension to temporally variable situations
(Hanneke & Xing 2009)) will be highly useful for inference
because of its strong statistical basis. In these models, the time-
aggregated network’s future state is the outcome of a Markov
process depending on both the state of the network, the state
of variables associated with each vertex and also of variables
associated with each pair of vertices. The network evolves as
probabilistically selected vertices independently rewire their
edges. The parameters associated with this rewiring are
allowed to change over different time intervals. For example,
animal behaviour investigators might ask whether certain indi-
viduals preferentially interact with other individuals that have
more extant connections and also avoid less-connected individ-
uals. Alternatively, we can also predict the network’s future
state or ask whether there are frequent causal linkages
(Table 1, T2). The detection of periodic or frequent temporal
structures is an area of ongoing research with many usable
tools. For example, does A interacting with B always imply
that B subsequently interacts with C? Or are A, B and C consis-
tently connected to each other via triangle motifs (Alon 2007)?
These developing approaches are available in ready-to-use
software packages and provide a strong basis for understand-
ing process in network dynamics (Berger-Wolf, Tantipathana-
nandh & Kempe 2010; Lahiri & Berger-Wolf 2010;
Wackersreuther ez al. 2010; Kovanen et al. 2011). An advan-
tage of these actor-driven models is that they enable the investi-
gator to assess the relative contribution of different network
attributes to the overall network’s structure and dynamics and
the comparison of different hypotheses for network dynamics
(Snijders, Koskinen & Schweinberger 2010). However, analy-
sis of weighted networks is currently not possible, so the issue
of choosing a time window for aggregation remains relevant.

Lastly, time-aggregated networks can be used to identify
community structure within a network. Methods do exist to
detect community structure within a single-static network
(Newman 2010), but more robust approaches using multiple
time-aggregated networks (Table 1, T4) can detect groups that
are persistent over several time intervals and identify individu-
als that leave or join each group. Thus, these methods make it
possible to assess the dynamics of groups — their membership,
formation and dissolution — across time points, with applica-
tions for a range of questions. For example, one can measure
the stability of different animal groups (e.g. politicians (Mucha
et al. 2010)) or empirically identify ecological guilds that are
consistent over multiple seasons. However, a limitation of
these methods is that the available approaches come with a
diverse set of assumptions. Some approaches automatically
determine the number of groups in the data, while others
require the investigator to specify this parameter. Thus, a range
of results can be obtained from different community detection
algorithms.
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CONSIDERATIONS FOR BOTH KINDS OF NETWORKS

A strength of time-ordered and time-aggregated networks is
that the temporal dependence of network-based inference is
made explicit. For time-aggregated networks, different conclu-
sions will necessarily be reached depending on the particular
time window over which interactions are aggregated and the
size of that window (compare Box la). Thus, determining the
appropriate window used to define a network is critical. Choos-
ing the correct window size can be done by measuring lag times
between association events (lagged association rates)
(Whitehead 1997, 2009; Clauset & Eagle 2007). Alternatively,
window size can be chosen by determining when time series of
network statistics constructed from different temporal subsets
of the data become stationary(Sulo, Tanya & Robert 2011). A
final approach is to use prior knowledge about natural time-
scales in the system (Lahiri ez al. 2008; Cattuto et al. 2010): for
example, for a pollinator network, 1 year may be a natural
window size if the network re-forms annually, but 1 day may
be a better window size if seasonal changes in interactions occur
(Baldock er al. 2010). If the investigator believes the network is
at a dynamic steady state, it could be appropriate to use a very
long window size and weighted edges corresponding to interac-
tion probabilities. This could be necessary, for example, in
animal societies where all individuals can interact with all other
individuals but some interactions are always more likely
(Blonder & Dornhaus 2011). Unfortunately there is currently
no consensus on the best method for choosing a window size.
Time-ordered networks highlight the need to assess the
importance of investigator sampling rate to observed network
properties (Bliithgen 2010) (compare to Box 1b). Networks
can be very sensitive to missing data (Fletcher ez al. 2011), and
there are currently no widely agreed-upon methods for correct-
ing sampling issues (Stumpf, Wiuf & May 2005; Kim & Jeong
2007) although some approaches work better than others
(Kurant, Markopoulou & Thiran 2011; Maiya & Berger-Wolf
2011). Many studies have shown that common topological
and flow statistics may have both high variance and bias when
networks are not completely sampled (Kossinets 2006; de Silva
et al. 2006). This problem may also arise when sampled edge
weights do not converge to a central value — that is, when the
underlying process generating these networks changes in time.
While it is not possible to avoid this problem, time-ordered
networks make it possible to detect insufficient sampling via
rarefaction procedures. Consider a statistic of interest, com-
puted from a time-ordered network. Rarefy the network by
randomly removing individual edges. If the statistic of interest
does not converge to a fixed value, the number of randomly
removed edges decreases (i.e. the amount of rarefaction
reaches zero), then one should be wary of analysing the data
as-is and instead increase the sampling rate (Clauset & Eagle
2007). For example, in a study of resource flow between
animals, a time-aggregated network diameter that does not
converge under rarefaction indicates that edges that could
dramatically change network connectivity are being under-
sampled. One approximate rule based on the Shannon—
Nyquist sampling theorem (Shannon 1949) is to ensure
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sampling rates are at least twice that of the fastest dynamics of
interest. More recent work on graph entropy rates (a metric of
the difference from random of the information in a graph) pro-
vides a formal approach to determine the minimum sampling
rate required to ensure that the information lost does not
exceed an investigator-specified bound (Haddadi ez al. 2011).

Applications and opportunities for network
dynamics

Network dynamics are relevant to a range of research ques-
tions in ecology and evolutionary biology. We have reviewed a
shared set of conceptual issues, common problems and meth-
odological solutions centred on network dynamics, and have
proposed an observational data-driven framework based on
time-ordered networks. The power of this framework lies in its
ability (i) to transform observed or simulated interaction data
into mathematical structures that describe dynamics at multi-
ple time-scales, (ii) to highlight the temporal issues that are rel-
evant to these questions, and (iii) to open a large number of
research questions to a unified set of descriptive and inferential
statistics. Note that this framework does not propose explicit
mathematical models for processes generating network
dynamics (e.g. as used in epidemiology (Bansal e al. 2010;
Pinar, Seshadhri & Kolda 2011; Seshadhri, Pinar & Kolda
2011)) — rather, it provides a common mathematical and
statistical language for networks based on real data that can
then be studied in the context of these models.

Several research areas show high potential for the applica-
tion of this framework, which we have surveyed in Table 1.
For example, the structure of transport networks found in
many organisms (Heaton ez al. 2010; Katifori, Szolldsi &
Magnasco 2010; Tero et al. 2010) is rarely examined with
methods from network dynamics. A time-ordered network
perspective would be useful for assessing processes of network
growth and development and for comparing properties of net-
works across organisms. Secondly, time-ordered networks
could be used to understand species coexistence by providing a
framework for testing hypotheses about changes in connectiv-
ity over time and for predicting future interactions between
species. Although a network dynamics perspective has been
used in studying spatial effects related to landscape fragmenta-
tion and metapopulations (Urban & Keitt 2001; Dale & Fortin
2010), many research opportunities remain. For example,
community assembly could be studied using time-ordered net-
works constructed from paleo-records of temporally resolved
species interactions and co-occurrence. Third, understanding
how to directly control network dynamics will also have many
practical implications (Table 1, C5). The control theory of net-
work dynamics provides principles to obtain and maintain a
desired future network state through targeted manipulations
of current network state and the connectivity of focal individu-
als. For example, what management decisions should be taken
to ensure the temporal persistence of multiple prey species for
an endangered predator? Are there mathematically necessary
tradeoffs between the robustness and performance of manage-
ment strategies? Control theory of time-ordered networks is a
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new area of research (Zecevic & Siljak 2010; Abdallah 2011;
Liu, Slotine & Barabasi 2011) that is only beginning to be
applied to biology. Significant progress could be made using
these network approaches for the conservation of diversity and
the preservation of ecosystem functioning (Bascompte & Jord-
ano 2007; Sahasrabudhe & Motter 2011), and for better con-
trolling diseases (Salathé & Jones 2010). Time-ordered
networks can provide a natural framework for tracing changes
in network state and for identifying vertices and temporal pat-
terns that may be relevant for controlling the system.

Lastly, many apparently complex systems may be more par-
simoniously described and thus understood using time-ordered
networks. In many networks, flow dynamics and topological
dynamics occur on similar time-scales. In these systems, the
topology of the network influences flow on the network, and
vice-versa, leading to strong couplings between processes and
patterns at different scales. These networks exhibit many inter-
esting properties including phase transitions between states,
symmetry breaking where similar vertices spontaneously
diverge into topologically distinct populations with different
functions and identities, sudden synchronization of behaviour
or topology for multiple vertices, nonlinear shifts in waiting
times and flow processes and strong interactions between sim-
ple local dynamics and global whole-network dynamics (Gross
& Blasius 2008; Funk, Salathe & Jansen 2010). The ubiquity of
these phenomena suggests that many temporally variable sys-
tems could be understood in terms of the couplings between
the topology and flow of their underlying networks. While the
time-ordered network framework does not directly propose
different models that could explain these couplings, it does pro-
vide a natural framework for describing these couplings and
for then comparing the validity of different generative models
(e.g. with stochastic actor-based models that couple processes
of flow and topological dynamics (Snijders, Van de Bunt &
Steglich 2010)). Thus, many biological phenomena — for exam-
ple, multiple stable animal community states, complex patterns
of disease spread or surprising population dynamics of multi-
ple species — may only be understood if we can develop models
that can link local and global-scale network dynamics at a
range of time-scales.

Challenges for the future

Despite the current popularity of network analysis, dynamic
approaches remain rare in ecology and evolutionary biology.
Fortunately, it is now becoming possible for biologists to take
advantage of many recent conceptual and methodological
advances (Table 1). However, several challenges still remain
before dynamic analyses become more accessible. Some rele-
vant questions cannot be addressed with current methods. For
example, the general prediction of future network structure
with or without perturbation is now only possible under the
limiting assumption that the network is in some dynamic
steady state (Snijders, Van de Bunt & Steglich 2010). Many
applied studies of metapopulations or multi-species interac-
tions where perturbations are of interest would be improved
by an advance in this area. Similarly, understanding couplings

between multiple time-scales in a network remains difficult.
For instance, how do rapidly occurring small-scale processes
feed into global-scale processes and patterns, and vice versa?
How do events at one time impact events at a later time? Being
able to scale up limited observations to make inferences about
entire networks over time would be tremendously useful when
data collection is expensive or impractical.

The analysis of network dynamics — time-ordered and other-
wise — still suffers from a limited set of inferential statistical
tools. Although it is clear that accounting for time-ordering
and for temporal dynamics is critical for many issues in ecology
and evolution, only the few methods we have described cur-
rently exist to compare models, carry out hypothesis testing or
detect within- and between-group variation. There is not yet a
general analytical statistical framework for the analysis of
time-ordered networks describing coupled processes. We also
call for the development of even more resources to teach and
implement the methods described. Although several free soft-
ware packages exist (Table 1), there is still a gap between tools
usable by investigators new to network analysis and theoretical
advances made in the field. Fortunately, recent books (Croft,
James & Krause 2008; Newman 2010) and reviews (Gross &
Blasius 2008; Snijders, Van de Bunt & Steglich 2010) are mak-
ing these mathematics more accessible. The interested reader
should also be aware of recent perspectives from the physics
(Holme & Saramdki 2011), computer science (Santoro et al.
2011) and engineering communities (Kuhn & Oshman 2011).

Time-ordered network analysis is only possible when suffi-
cient temporally resolved data are available. Generating
complete and accurate records of interactions at multiple
time points can be very difficult, but should become a prior-
ity. For example, food webs rarely contain more than a few
hundred species, and even more rarely assess their empirical
change over seasons and years (Jarre-Teichmann & Pauly
1993). Community networks involving a much smaller subset
of easily observed species (e.g. plant—pollinator interactions),
however, can include relatively dense data on time-ordered
networks (Bascompte & Jordano 2007). Similarly, good data
are available for animals social networks that are visually
observed semi-continuously (e.g. primates in a research cen-
tre (Flack et al. 2006), ant colonies in the lab (Blonder &
Dornhaus 2011)) or lizards remotely tracked semi-continu-
ously in the field (Godfrey er al. 2012). However, the situa-
tion is more difficult in animal groups analyses where
individuals are rarely observed (e.g., dolphins or meerkats in
the wild (Lusseau et al. 2003; Drewe, Madden & Pearce
2009) or pollinators on plants (Bascompte & Jordano 2007)).
In these cases, network analyses are often based on one or a
few time-aggregated networks. However, time-ordered net-
work analyses could be highly insightful in systems where
data coverage does not yet exist. While methods are avail-
able to correct for sampling and observation issues in time-
aggregated networks (Lusseau, Whitehead & Gero 2008), we
are aware of no tools for time-ordered networks. It is also
unclear how much missing data is acceptable in time-ordered
network analysis. Thus, an open challenge is to develop bet-
ter tools for missing data and also to obtain support for

© 2012 The Authors. Methods in Ecology and Evolution © 2012 British Ecological Society, Methods in Ecology and Evolution, 3, 958-972



long-term and high-coverage studies of the dynamics of a
range of systems. Advances in electronic sensors and video-
tracking may provide a way forward (Cattuto et al. 2010; Pin-
ter-Wollman ez al. 2011; Jeanson 2012). Only with such data
will we realize the full potential of network dynamics to answer
a range of fundamental and applied questions. Comparative
studies of networks across time-scales and systems may reveal
general principles in the organization of biological networks
and would permit robust comparisons with theoretically opti-
mal networks and human-engineered networks.

In sum, the broader consideration and application of net-
work dynamics has great potential to push forward our
understanding of biological interactions. Temporal dynamics
are found in all natural systems and underlie many broad
scientific questions. By extending theory and data to account
for temporal dynamics, we can couple a powerful time-
ordered network framework to a much wider range of sys-
tems and questions.
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Glossary

Coupled dynamics: the simultaneous change of a network’s
topology and the flow of resources on it, involving strong
feedbacks between these two processes at the same time-
scale.

Degree: the number of edges for a given vertex, potentially
indicating the importance of a vertex in a network. The fre-
quency distribution of degree can indicate underlying
dynamic processes.

Edge: a link between two vertices in a network, indicating a
persistent interaction, an instantiation of an interaction or a
probability of an interaction. Edges may be weighted to
denote interaction strength.

Flow dynamics: the movement of resources (energy, disease,
information, etc.) on a network over time. Topological
dynamics of the network must be slower than flow dynamics.

Time-aggregated network: a network constructed by combin-
ing all interactions observed over some time window. Most
networks are time aggregated.

Time-ordered network: a network that represents exactly all
of the dynamic observations made by an investigator. Time-
ordered networks indicate the multiple time-scales inherent
to a biological system, can be used to study flow dynamics
and can be collapsed to time-aggregated networks to study
topological dynamics.

Topological dynamics: changes in the edges or vertices of a
network over time.

Vertex: an individual object in a network that represents the
biological phenomenon of interest.

Window size: An interval of time over which observed interac-
tions are aggregated into a network. Many descriptive statis-
tics like degree depend strongly on window size.
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