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Abstract

In ecosystems network, structure determines adjacent (direct) and non-adjacent (indirect) pathways over which energy, mat-
ter, and information can flow. The more pathways, the more possible ways the conservative substance can move in zero-sum
transactions between network nodes that the pathways interconnect, and the more possible non-conservative, nonzero-sum
relations can be secondarily derived from these. Structural analysis is a tool we employ, from a family of input—output
methods for exploring zero- and nonzero-sum attributes of environmental networks, to count pathways of varying length
between network nodes. In this paper, we examine the relationship between pathway Kgreaith fumber ;) as deter-
mined by system sizen( number of nodes) and extent and pattern of connectalcea\e develop a measurey) of path-
way growth in numbers with increasing length, and then normalize this to the maximum rate pasgibig for a given
system size. These measures apply to two pathway typa#is m,(0) andm,(0)/m.(0), which forbid adjacent node repeti-
tions, andwalks my(1) andm,(1)/m:(1), which allow them. We find that network size has a curvilinear effect on the path-
way number versus length relationship, and extent and pattern of connectance are convolved. Values computed for the paths
and walks of three ecosystem models (oyster reef, freshwater marsh, and reservoir cove) are used to compare their pathway
structure.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction ent (input environs) which are generated by history,
and efferent (output environs) which are propagated
Environ analysis(Patten, 1978a, 1982; Matis and to the future. Environ methods include analyses for
Patten, 198)Lis a family of input—output methods structure, flows, utilities, and control within systems,
of network analysis descended frdreontief (1965, and are a form of complex-systems analysis as de-
1966)and introduced into ecology byannon (1973) scribed byAllen and Hoekstra (1992, p. xiv)n this
Environ methodology is employed in the holistic study paper, we elucidate several attributes of environ net-
of ecological networks to describe, quantify, and ana- work structure, which underlies much of the environ
lyze component-level environments (environs) within analysis methodology.
systems. These environments are of two types, affer- Network structure establishes the pathways (di-
rect and indirect) over which conserved material can
"+ Corresponding author. Tek:1-706-542-2968: flow between entities in qonnef:ted systerfath and
fax: +1-706-542-4819. Patten, 1999 The relationship between pathway
E-mail addresssborrett@uga.edu (S.R. Borrett). numbers and length is a significant component of this
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structure because it describes how quickly indirect (A
pathways increase, and with this also, proportional
opportunities for substance to move and for positive
“nonzero-sumness™Wright, 200Q to be realized. In

a well-connected system, the number of pathways in

) f (B)
J
a network increases without bound as pathway length /.h
[ J
i

9

OO0 O|~-

increasesKath, 1998; Patten, 1985The rate of this
increase, however, varieBd@rrett, 2001; Fath, 1998)
Here, we investigate the cause of this variation by _ : : .
. . L. Fig. 1. Example network. Two isomorphic representations of an
developing measures to examine the proposition that example network withe = 5 and C = 0.28: (A) digraph and
the relationship between pathway length and number (g) adjacency matrix. Note how the pattern of connections in the
is determined by three variables: system size, con- digraph is represented in the matrix.
nectance degree, and connectance pattern. We apply
our measures to three ecosystem models and thenl.2. Pathways and cycles
consider the results.
Network structure can be represented by digraphs
1.1. Transactions and relations (directed graphs) or isomorphic matricédargalef,
1963; Hannon, 1973; Patten, 198 digraphs anode

The network perspectiveMargalef, 1963; Higashi  is a point representing a system component and an
and Burns, 1991 conceptualizes an ecosystem as a arcis an arrow denoting a directed transaction (energy
reticulum of interactions. These are of two types, trans- or matter flow) or relationKig. 1A). A pathwayis a
actions and relationd=ath and Patten, 1998 sequence of nodes and arcs over which a substance

Transactionsare physical (ontic, electromagnetic) flows (in transactions) or relationships emerge (in re-
and have primacy. They are zero-sum exchanges oflations) from nodg to nodei. Pathwaylength (k) is
conservative substances between adjacent networkthe number of arcs from an initial to a terminal node.
nodes representing processes and storages (slow proA direct pathwaybetween two nodes has only one arc,
cesses). Zero-sumness means what is gainr@dy k = 1; anindirect pathwayhask > 1 arcs. Pathways
one member of an interacting node pair identically can besimple where there are no repeated nodes, or
equals what is lost{) by the other. The quantities compoungwith repeated nodes. In tiég. 1, network
being equal, their signs opposite, and the substancej — f — g — h — i is a simple pathway frojtoi
transferred conservative means the interactive sum iswhile j — f — g — f — iis a compound pathway.
zero. Both are indirect and of length = 4.

Relations are phenomenal (epistemic, semiotic) Cycles are an important type of pathway in network
interactions as experienced and interpreted by par- structures Patten et al., 1990A cycleis a pathway
ticipants and observers. What is transferred betweenstarting and ending at the same node, as in the em-
non-adjacent nodes is conservative but nonzero-sumbedded pathway segment — f — ¢ — f — --.
(Wright, 2000, and in the latter property begins in our examplefig. 1A). Like other pathways, cycles
to have attributes of non-conservative information. can be simple (first time around) or compound. A cy-
Competition, predation, and mutualism are classic cle of lengthk = 1 is aself-loop this can be used to
examples of relations in ecology. In general, relations represent node storage in a network (e:g.— i —
have their basis in transactions but need not in them-; — i — --.).
selves involve direct energy or matter interchange,

e.g. predation does, but competition and mutualism 1.3. Network structural measures
do not.

By conceptualizing complex systems like ecosys-  The sze(n) of a network equals its number of nodes.
tems as networks, we can analyze them holistically for ConnectancdC) is the proportion of realized direct
properties arising from the transactions and relations (k = 1) pathways, often termdihks (L) in food-web
interconnecting component parts. literature Cohen et al., 1990; Martinez, 1994; Bersier
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et al., 1999; Williams and Martinez, 200divided geometry (topology) of nodes and arcs as reflected in
by the number of possible links?: C = LIn? (see a digraph or its corresponding adjacency matrix.

Margalef, 1991; Newman, 20G8r alternative formu- A power matrix, AX can be used to compute the
lations). number of pathways of length > 0 directed fromj

Digraphs have isomorphic representations as adja-to i in a network Harary, 1969; Hill, 198}, k = 0
cency matricesA,x, = (@ij)nxn (Fig. 1B). An ad- denotes self-loops. The total number of pathwdg3 (
jacency matrixis a square matrix whose rows and of different lengthsK) from all nodes to all other nodes
columns are indexed by the node vectiorj(= 1, 2, is given by the scalar measure:

..., n) and whose elements take valugs= 1 if and " n
only if a link directed from column to row i exists, P = ZZ(“U)k'
otherwisegjj = 0. imlim1

Each column denotes the presence (ones) or absence .
(zeros) of links directedrom nodej to nodei in the The ngmber of pathways of all 'Iengths from each
corresponding digraph, that is, links in tfith output eachi is generated by the matrix power series:
environ of the system. Ifrig. 1B, for example, col- T+A+A2 4L A3+ Ak ...
umnj has ones at rowsandi denoting linksj — f
andj — i in Fig. 1A. The orientatiorfrom columns
(initial nodes)to rows (terminal nodes) is the same as
that of the digraph arrows, reflecting the fact that out-
put environs extend forward through the system from
starting to ending nodes.

Each row of A denotes the presence or absence o
links directedto nodei from row j in the system’s
i'th input environ. Thus, irFig. 1Brow i has ones at
columnsj, f andh denoting linksi < j, i < f, and

The first termA® = 1,,,,, corresponding t& = 0
signifies the network’sy nodes as initial in pathway
propagation. The next terrA denotes adjacency—
direct links ¢ = 1) defined by zero-sum transactions
directed fromj’s to i’'s. The remaining terms&¥,

¢k > 1, denote pathways that are non-adjacent, in-
direct, relational, and carry nonzero-sum flows. In

a well-connected system, one with cyclic feedback

and a maximum real eigenvalue greater than one,
i < h in Fig. 1A. The orientatiorto rows (terminal ~ the series diverges because sums of powers of the
nodes)from columns (initial nodes) is opposite that AMatrix entries grow ax increases Kath, 1998

of the digraph arrows, reflecting the fact that input This is consistent with the fact that ecological systems

environs extend backward through the system from are dissipative; energy and matter pass through them
ending to starting nodes and ultimately exit as a limit process. This implies

X .
This reverse orientation can be treated separatelyk - "’}”d thereforeA - oo Also, as_k In-
in the columns-to-rows format ok matrices by per- creases?; increases approximately geometrically. By

forming the operations of this paper on corresponding 09-transforming> we generate a line of slopa, (in-
transposesA”, . — (@ji)nxn, Mentally reversing the dexareferring to the digraph correspondingAbpthat

nxn . .
arrow directions. Numerical results would differ since @1 be used to describe the rate of growtRoiith k.

the pathway structure directed from initial to terminal
nodes differs from that in the reverse direction, but the
principles elaborated would be the same. Therefore,
for present purposes we will limit further attention to
output environs whose structure is generated by ma-

1.4. Network structure in environ analysis

The methods of environ analysi®dtten, 2003
Chapter 4) can be grouped in pairs:

tricesA, not their transposes. (1 and 2) Input and output enviratructure which
We will employ two forms of the adjacency matrix. is our focus in this paper.

A(0) will denote a matrix with zero principal diagonal (3 and 4) Input and output envirdlows to through-

entries,ajj = 0, signifying no node storage, arnql) flows Throughflows ;) are sums of flows

will be a matrix with diagonal onesyj = 1, repre- atnodesi=1,...,n)in storage-and-flow

senting digraph self-loops denoting storage. The for- networks. The input environ case corre-

mer pathways are termgxhithsand the lattewvalksin sponds to originalLeontief (1965, 1966)

subsequent usagéonnectance patteris the network input—output analysis.
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(5 and 6) Input and output environ flows to node Higashi (see Patten, 1991) developed algebraic for-
storage(x;, i = 1, ..., n). From the net- mulations to show that certain network properties in-
work perspective, storage is interpreted as crease the dominance of indirect over direct effects.
flow impedance, like capacitance in elec- These are system siza){ connectivity C), network
trical networks. looping (storage), network cycling, feedback cycling

(7 and 8) Throughflow- and storage-basddities, (return to initial nodes), and strength of direct arc
u(T;) andu(x;) respectively, generated by flows. All but the last are structural properties, as con-
net input- and output-environ direct flows sidered here. In this paper, we investigate the relation-
between node pairs (Patten, 1991). Util- ship between pathway lengtk) (@and numberR;) as
ity measures direct and indirect values of determined by the first two of Higashi’'s properties,
throughflow and storage conferred by the andC.

particulars of network organization. As pathway structure defines how conserved sub-
(9 and 10) Throughflow-based  control Pdtten, stances can flow in connected networks, the more path-
1978h and storage-based contréldtten, ways there are the more possible ways exist for energy

2003, c(T;) and c(x;), respectively, ex- and matter to move between nodes. Structural analy-
erted over network distancds Direct and sis, however, does not consider how much substance
indirect control are assessed and quanti- actually flows along each pathway, it only enumerates
fied between each node pair in a system. the pathways. To determine flow relationships requires
other analyses such as those in the environ set of meth-
Each of these methods generates a unique perspeceods. As stated previously, here our topic is structural
tive on relationships inherent in ecological networks. analysis.
These derive from one overarching result from anal-
yses 3-6 above: flow§(A*) over pathwaysA* of
lengthsk > 1 in the adjacency matrix power series 2. Materials and methods
often exceed in aggregate those associated with the
direct links in the adjacency matriR itself. That We will investigate how three properties of
IS, Y ko1 f(A%) > f(A). The reason is because al- networks—(1) system size, (2) connectance degree,
though conservative quantities dissipate with transfers and (3) connectance pattern—contribute to the rate
and transformations in networks, this happens more of pathway proliferation. Below we describe methods
slowly than the rates at which pathways are gener- to test each, and introduce model ecosystems we will
ated in well-connected networkBdtten, 198b Each analyze as examples.
pathway of whatever length carries some quantity
of transferred substance until lengtkgare reached  2.1. System size
where materials have been effectively dissipated (dis-
sipation is a limit process) such that flows over those  To determine if there is a relationship between sys-
pathways are zero. This fact allows power series of tem size and pathway length and number, we ana-
non-dimensional flows to converge, which is what en- lyzed digraphs of varying sizez & 1 ton = 200).
ables input—output methods to calculate integral flows Both arbitrary digraphsa) and their complete coun-
carried by all pathway®;. of all lengthsk = 0 in a terparts €¢) were studied. Complete digraphs have a
system. Small, even infinitesimal, flows over large, link to and from every nodesf = 1, Vi,j); their anal-
approaching astronomical, numbers of pathways gen-yses quantify walks due to principal diagonal values
erated before lengthly are reached can add up to of one,a; = 1. For paths, the same digraphs with
significant total flow over pathB; of lengthsk > 1. self-loops excludedaff = 1 Vi # j, andgj = 0)
This is in fact the essential input—output network were analyzed. For a given netwoak(or c) we de-
dynamic. Its consequence is that indirect effects dom- terminedm, (or m¢), the slope of a line describing
inate Patten, 1984; Higashi and Patten, 19&%d the relationship between pathway length and the log-
make holistic determinatiorPatten et al., 1976the arithm of pathway number. Slopes were calculated
principal mode of causality in natur@dtten, 2008 as differences between an arbitrarily selected pair of
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adjacentP; values; the values used were= 50 and
51:my (orm¢e) = logo(Ps1) —10910( Psp). If size does changed.
not affect the relationship slopes should be roughly Inaddition to actually changing connectiofisd. 2,
equivalent between networks. Use of complete graphs A5-A8) it is also possible to change the perceived
neutralized the effects of degree and pattern of con- linkage pattern. For example, renumbering nodes in
nectance, and also generated the maximum number ofa digraph would leave the pattern of connections
possible pathways. unchanged, but the display in the corresponding ad-
jacency matrix would (typically) be altered. To test
if this kind of change would be reflected in our mea-
sures we analyzed alternative representations of the
If there were a relationship between system size same network created by interchanging two or more
and pathway length and number, the size effect would columns and then making an identical change in the
have to be removed in order to examine the con- corresponding rowsHig. 2, networksA9-A12; theA9
nectance of systems of different sizes. To accommo- matrix functions as a control). IA10 column (row)
date this, we created a normalized response variable5 (of A9) was placed between columns (rows) 1 and
by taking ratios of slopes generated by actual di- 2, column (row) 7 between columns (rows) 2 and 3,

fect if these measures remained constant as topology

2.2. Extent of connectance

graphs,my, to those for complete graphsy, of the
same size. For paths this measurenig0)/m.(0) and
for walks my(1)/me(1). The second part of our inves-

and column (row) 8 between columns (rows) 3 and
4. Matrix A1l was created by moving column (row)
4 into the first column (row) position and column

tigation was to determine if degree of connectance (row) 9 between columns (rows) 6 and 7. Mat#%2

in adjacency matrices altered,/m; ratios. We held

was generated by moving columns (rows) 5 and 6

system size constant and then systematically addedinto the first two positions. These row and column
connectionsKig. 2 networksA1-A4). If connectivity interchanges clearly changed perceived patterns in the
does not affect the relationship, them/m. should adjacency matrices, but without altering actual net-
remain constant. It became clear that augmenting con-work topology. These manipulations are equivalent to
nectivity typically alters the pattern of connectance as symmetric permutations of the adjacency matrix. If
well (Section 2.3 The two attributes are convolved, my/m ratios changed under this kind of manipulation
such that if varying the pattern changes/m, we would conclude that the measure is invalid for
the effects of degree cannot be distinguished from network structural analysis. A proper measure would
pattern. yield uniquemy/m. ratios for a network irrespective

of its representation.
2.3. Pattern of connectance

2.4. Example networks

To investigate the effects of connectivity pattern we

held network size and degree of connectance constant We applied structural network analysis to three
while varying the patternHig. 2, networksA5-A8). static, steady state, ecosystem models to compare their
Changes were made so as to maintain cyclic feedback.direct and indirect pathway structure. The models dif-
Each test network had = 9 andC = 0.12. In A5 fer in size, connectivity, connectance pattern, and type
there is a chain of links spanning the network, with of ecosystem represented. Our goal was to determine
two links in the upper right corner providing the pos- the degree of similarity in these models’ network struc-
sibility for cycle development. MatriX6 is similar to tures. The models were for (1) an intertidal oyster reef
A5 but the chain is slightly altered. IA7, the chain in coastal South CarolindD@me and Patten, 1981
is replaced with a block of connections in the lower (2) a marsh called Little Cooter Prairie in Okefenokee
left corner. The final manipulatiorAB) was to aggre-  Swamp Whipple, 1993, and (3) a reservoir cove in
gate the links in the top right and bottom left corners. Lake Texoma Patten et al., 19795 We will refer to
Structural analysis was performed on each of these these as oyster, marsh, and cove models, respectively.
networks to determine,/mc for paths and walks. We  The oyster model has six compartments and connec-
would consider connectance pattern as having no ef-tivity C = 0.50. Patten (1985described the direct
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Fig. 2. Experimental networks. Twelve experimental networks were used to investigate degree and pattern of conAtefeheee the
same size and have increasing connectiy-A8 have the same size and connectance, but the pattern of linkage is alteASFAILR
size, connectance, and pattern of connection remain constant but reordering the node vector alters the adjacency matrix representation.

and indirect pathway structure of this network, and The effect of connectance degree was inconclusive
the model has been used further to develop ecological because this is convolved with pattern. Relabeling
network theory (e.gPatten et al., 1990; Higashi and digraph nodes without altering real topology changed
Burns, 199). The marsh model has 42 compartments the adjacency matrix pattern, but did not alteymc
and a connectivity ofC = 0.20. The cove model ratios.
has 33 compartments and connectivity = 0.30.
Like the oyster model, the cove model has been used3.1. System size
before in theory development and many of its spe-
cific pathways have been identified (eRatten et al., Fig. 3 shows results of determining if siza)(of
1982h. fully connected networks increases the rate)(at
which higher order pathways are generated. As net-
work size increases the rate of growth of pathway num-
3. Results bers increases and the difference betwegnvalues
for corresponding paths and walks decreaBes BA).
Experimental results showed network size, and The reason is that the proportion of self-loop$ i
extent and pattern of connectance all affect the rela- a fully connected network relative to all ara®) de-
tionship between path numberB,j and length K). creases by the factor/n? = 1/n. This causes the
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Fig. 3. Relationships between number of pathwdasg @nd pathway lengthkf as network sizen) increases from 1 to 200. (A) Selected
networks to demonstrate relationships. Note how differences between péipsand walks,A(1), decrease as size increases. (B) Using
the slope ify) of the relationship to describe it, we see that size has a curvilinear affec;.on
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relationship between system size and rate of pathway 3.3. Pattern of connectance

increase to be curvilineaFi{g. 3B). In fully connected
networks size influences the growth of system struc-
ture most in smaller networks where the rationafo

n? is greatest.

3.2. Extent of connectance

To evaluate degree of connectance in non-complete
digraphs requires use of a normalized metric like
my/mc. Given C < 1 (incomplete connectance) one
can visualize slopes of actual networks,) being
less than those of corresponding complete networks
(m¢). Then, inFig. 3A format,my values would gener-
ate lines of lesser slope tham and curve forms like
those offFFig. 3Bwould rise more slowly. Connectance
changes made in the experimental netwadkksA4 of
Fig. 2 changed the values ofi;/m (Table ). These
ratios increased with connectance but not consis-
tently. For example, network8 in Table 1has lower
connectance thaAl, but itsmy/m; values are larger.

This shows that extent and pattern of connectance are

interwoven quantities, not easily separated by simple
measures.

Table 1

Changing the pattern of connectance clearly alters
the relationship between numb&;.f and length ) of
pathways. InTable 1, networkA5 hasm,(0)/m:(0) =
0.0413 andmy(1)/m¢(1) = 0.3345. The small pattern
change inA6 versusAb causesny(0)/mc(0) to increase
t0 0.1024 andn,(1)/m(1) to 0.3668. The pattern 7
generatesny(0)/m:(0) = 0.3211 andmy(1)/m:(1) =
0.4923, whileA8 has anmy(0)/m¢(0) ratio of 0.3333
and anmy(1)/mc(1) value of 0.5000. As connections
become more concentrated in the lower left and top
right corners of the matrix, reflecting an increase in
the number of cyclesn,/mc increases.

Reordering network nodes in the adjacency ma-
trix under the constraint that order is consistent for
both rows and columns, does not affee/mc. In all
four representations of a fixed topologd¥-A12), the
same path and walk ratios were obtainddle 1):
My(0)/m:(0) = 0.3406 andmy(1)/m:(1) = 0.5046.
This result is not unexpected and is quite general
because symmetric permutations of adjacency matri-
ces generate isomorphic graphs, which have identi-
cal structural properties_fgofet, 1993; Bondy and
Murty, 1976)

3.4. Comparison of example models

Effect of connectance degree and pattern on measures of the rate of

pathway proliferation for walksn(;(1)/m¢(1)), paths ny(0)/m¢(0)),
and the asymptotic rate (maf); Fath, 1998; Hill, unpublished
manuscript)

Matrix n C my(1)/me(1) mg(0)/m(0) maxh|
Connectance
Al 9 0.20 0.2688 0.4602 1.7489
A2 9 0.25 0.3406 0.5046 2.0306
A3 9 0.41 0.6449 0.7161 3.8229
A4 9 0.62 0.8352 0.8642 5.6786
Pattern of connectance
A5 9 0.12 0.0413 0.3345 1.0851
A6 9 0.12 0.1024 0.3668 1.2388
A7 9 0.12 0.3211 0.4923 1.9498
A8 9 0.12 0.3333 0.5000 2.0000
Network representation
A9 9 0.25 0.3406 0.5046 2.0306
Al10 9 0.25 0.3406 0.5046 2.0306
All 9 0.25 0.3406 0.5046 2.0306
Al2 9 0.25 0.3406 0.5046 2.0306

Matrix number corresponds to experimental networks shown in
Fig. 2

In non-complete networks of the oyster, marsh, and
cove models pathway numbef§ increased without
bound as lengthk] increased Kig. 4). As in the ex-
perimental networks ofig. 2, walks increased faster
than paths and differences in their rates of increase
decreased with system size. The rat®)(at which
number of pathways increases in the oyster model is
less than that of the marsh and cove models, which
between themselves are very similar. Ratgf) and
my(1) of, respectively, path and walk generation in
the three models indicate that the difference between
marsh and cove models is small and that between these
two and the oyster model largefgble 2.

The normalized measure,/mc indicates some-
what different relationships than those based on
non-normalized slopes. Ifable 2 my(0)/me(0) is
least for the oyster model (0.4750) and greatest for
the cove model (0.6826), wheremag(1)/mc(1) is least
for the marsh model (0.6321) and greatest (0.7027)
for the cove model. The ranking changes between
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Fig. 4. Structural comparison of three model ecosystems: (A) oyster Desfi¢ and Patten, 1981(B) Okefenokee marshNhipple, 199%
and (C) Lake Texoma covePétten et al., 1975

Table 2

Comparison of pathway proliferation rates in three ecosystem models

Model n c my(0) me(1) ma(0)/me(0) ma(1)/me(1) maxj|
Oyster 6 0.50 0.33 0.50 0.4750 0.6400 2.1479
Marsh 42 0.20 0.98 1.03 0.6095 0.6321 9.6170
Cove 33 0.30 1.02 1.06 0.6826 0.7027 10.4217

paths and walks. Faster walk than path developmentergy and matter exchanged between organisms and
in the oyster versus the other two models is a size their environments. The transactions set up more di-
(n/n? = 1/n) effect, as previously described. Adding verse and wide-ranging informational relations that
n self-loops to<n? arcs (in incomplete graphs) has a are indirect (non-adjacent) and nonzero-sum. Rela-
greater effect when is small. It is also evident from  tions make life in the ecosphere infinitely varied and
higher values ofny(0)/m:(0) andmy(1)/m(1) for the for the most part positively experienced by organisms
cove model Table 3 that more of the potential ways (Patten, 1991) over their time-linedgrgensen et al.,
to move energy and matter are realized in this model 1992.
than in the oyster and marsh models. Network structure establishes pathways over which
conserved material can flow between entities in con-
nected systems. The relationship between pathway
4, Discussion numbers and length is a significant network attribute
because it describes how quickly indirect pathways
In ecosystems virtual structure is defined by direct increase, and thus, the volume of pathways avail-
(adjacent) zero-sum transactions of conservative en-able for transactions and relations. In this paper we
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have demonstrated, consistent with other findings the environ approach:
from environ analysis, that network size) @nd con- _ o )
nectance degre€f and pattern contribute to shaping  #1- Network proliferatior—increase in pathway

of the pathway lengthkj and number R;) relation- numbers ) with length &), which is geomet-
ship. System size was shown to have a curvilinear fc increase as des_,cnbed herem. o
effect. Connectance extent and pattern were found #2- Network nonlocality-dominance of indirect
to jointly influence this relationship, though in ways effects as carried by transactive flows), (
not easily separated. Our main conclusions are the D k=1 f(AK) > f(A). _ o
following: #3. Network holocontrol-dominance of indirect

_ . control ©), Y"1 c(A%) > c(A).
1. in well-connected networks, pathways increase ge- #4. Network homogenizatiertendency to uni-
ometrically with length regardless of system size, formly distribute causality.
as measgred (V)1 N . #5. Network amplificatior-obtaining more than
2. sy_stem size has a curvilinear effect on the .relat|0n- face value from boundary inprSai(jO))I Yo
ship between pathway length and number; ® )
3. irrespective of system size, connectance can be f("ij ) > f (a¥ )'_ . )
compared utilizing the measunay/m: and #6. Network un_olqlmg—prohferatpn pf transfer
4. while connectance degree is entangled with pattern, levels as a limit process, which in food webs
connectance pattern has a clear role in determining leads to trophic pyramids with an indefinite

the rate of pathway increase, as measurechiy number of trophic levels. o
#7. Network synergism-dominance of indirect over

Our measure of path growtmy,, indicates an in- direct utility (u), 3. u(A¥) > u(A).
crease rate based on the total number of pathways #8. Network mutualisr-indirect utilities becoming
Py of selected length&. A less empirical (and less more positive than direct.
heuristic) metric is the dominant eigenvalue of the ad-  #9. Network aggradatioa-internal order exceeding
jacency matrix, max|. This analytically determines generated disorder.
the asymptotic growth rate of paths between any node #10. Network enfolding-recursive incorporation of
pair (Fath, 1998 Hill, unpublished manuscript This indirect into direct causes such ttiga) is really
rate is identical for all node pairs and represents the FAC o1 AR,
overall growth rate of pathways for that structure. #11. Network holoevolutioathe coevolution of
Experimental trials using the maximum eigenvalue wholes and parts together.
measure Tables 1 and Rare consistent with those
reflected inma. The classical concept of “pattern and process” in

By eliminating the effect of size, our normalized ecology comes to the fore in this list. Pathway nota-
measuresn,/m. for paths and walks characterize the tions (A% = (ai(jk)), k = 0) introduced into some of
combined effect of connectance and topology on the the definitions show how central network structure is
indirect network structure. The measures can be usedto the principal results of environ analysis. That net-
to compare indirect structure between systems of dif- work properties reflecting function (“process”) can be
ferent sizes, and the next logical step in this research depicted (in functional notation) as functions of struc-
would be to try to establish a relationship between par- ture (“pattern”) underscores how closely the two are
ticular connectance patterns and associated variationintertwined. In fact, as previously stated, structure is
in mg/m values. Teasing apart the effect of magnitude virtual and follows function (transactions), which is
from the pattern of connectance itself we consider im- actual. From this it is reasonable to expect that struc-
portant to making inferences fromy/m¢ back to net- tural measures such as andmgs/m. can be useful in
work structure. Other research questions also presentpredicting or bounding measures of function such as
themselves, such as the relationship betwegrand the cycling index or some of the eleven above. The
ma/me and network properties such as the cycling in- logic here is that labyrinthine transactions define and
dex (Finn, 1976, or some of the eleven cardinal prop- implicate, respectively, the direct and indirect pathway
erties of “holoecology” Patten, 2008 derived from structure within systems, including cycles. In fact the
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implication is mutual. Structure and function, or pat- Bondy, J.A., Murty, U.S.R., 1976. Graph Theory with Applications.
tern and process, go together and methods like those North-Holland, New York.

. . . . Borrett, S.R., 2001. Sources of system complexity in the Lake
in the set of environ analyses are going to be required Lanier ecosystem, GA, USA. Paper Presented at Ecological

to diStinngh one from the other. Society of America 86th Annual Meeting, August, Madison,
Scale and modeling issues will be ever present in  wi.

this. The oyster reef, swamp marsh, and reservoir cove Cohen, J.E., Briand, F., Newman, C.M., 1990. Community Food

ecosystems were each modeled at particular scales \Webs: Data and Theory. Springer, New York. _

not necessarily alike. Network size and connectivity Dair:teérti%;’o;;t:r:égCl\'/ia?gggélAg{:clglss ;’rf Z”elrfg 2";‘2’5 in-an

in models reflect the resolution at which systems are Fath, B.D., 1998. Network analysis: foundationé, extensions, and

studied. A network representation of the interior of a  applications of a systems theory of the environment. Ph.D.

cell can be far more intricate than that for an ecosys-  Thesis. Institute of Ecology, University of Georgia, Athens,

tem (e.g.Guet et al., 2002; Jeong et al., 2000; Maslov ~ Georgia.

and Sneppen, 20@2At their own scales it is true that Fath, B.D., Patten, B.C., 1998. Network synergism: emergence

of positive relations in ecological systems. Ecol. Model. 107,
both can be equally complex, or the smaller perhaps ;57145

more comp!ex than the larger. In general,_finer grgin Fath, B.D., Patten, B.C., 1999. Review of the foundations of
of observation leads to more nodes and links, which  network environ analysis. Ecosystems 2, 167—179.

by Higashi’s algebraic relations translates into greater Finn, :J.T., 1976. Mea§ures of ecosystem Structure and function
dominance of indirect effects. However, recalling the derived from anglysm of flows.‘J. Theor. qul. 56, 363-380.
definition of connectance(= L/n?, L the number of Guet, C.C, Elowitz, M.B, Hsing, W, Leibler, S. 2002.

. o . . . Combinatorial synthesis of genetic networks. Science 296,
links), it is clear that finer resolution of nodes) (ill 1466-1470.

causen? to grow faster tham, rarefyingC. At very Hannon, B., 1973. The structure of ecosystems. J. Theor. Biol.
large system sizes adjacency matrices can be expected 41, 535-546.

to become extremely sparse though number of links is Harary, F., 1969. Graph Theory. Addison-Wesley, Reading, MA.
astronomical. A system with a billion nod%:(: 109) Higashi, M., Burns, T.P., 1991. Theoretical Studies of Ecosystems:

- . . . The Network Perspective. Cambridge University Press,
and a trillion transactions interconnecting them=£ Cambridge. P g Y

10*2) will be only one-millionth connected.(n? = Higashi, M., Patten, B.C., 1989. Dominance of indirect causality
10-), a sparse universe indeed in the present experi- in ecosystems. Am. Nat. 133, 288-302.

ence of ecological modeling. How to balance practical Hill IV, J., 1981. Influencg: athgory pf the structgral organization qf
needs to describe and predict with the companion need systems. Ph.D. Thesis, University of Georgia, Athens, Georgia,

L . - USA.
to understand pr|n0|ples in order to better describe and Hill IV, J., On the Largest Real Root of a Polynomial. Unpublished

predict, will present a continuing challenge. manuscript.
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