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confidence in the inference of our further analysis. Secondly, we noted that the number of optimized
semantic categories follow a negative exponential trend for various possible semantic activation threshold
values (Figure 2). We located the point in the curve where the rate of the slope starts to stabilize, being
where an orthogonal tangent between number of concepts and possible values for the activation threshold
meets the curve. Reduction to the value of the threshold below this point has relatively small effect on the
number of extracted semantic classifications. As can be seen in Figure 2, the best possible activation
threshold meeting those rules of thumbs is 5.

2.3. Testing for randomnessin network structure

To test for randomness in the structure of the Anmatjere semantic network we performed a Monte-Carlo
simulation generating an ensemble of 100 random Erdés-Rényi networks (Bollobas, 2001) with the same
mean network density as the empirical Anmatjere semantic network. We computed the average number of
incoming ties (network in-degree) for each simulation run and the mean in-degree across all 100 simulation
runs.
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Figure 3: (a) The observed Anmatjere semantic network compared with (b) a theoretical random Erdos-Rényi graph. (c)
and (d) show the network degree distribution (average number of ties per node) for network (a) and (b) respectively.

Figure 3 uses an optimized cyclical graph layout to depict (a) the observed Anmatjere network structure and
(b) the structure of one of the simulated random networks. A limited number of highly connected nodes
dominate the ties of the Anmatjere semantic network, whereas the density of network ties is comparatively
uniform in the random network example. Figure 3 (c) plots the network density, or number of ties per node,
for the Anmatjere semantic network compared to Figure 3(d) which plots the mean network density for the
100 simulation runs. In the Anmatjere semantic network the relationship of network density to nodal
frequency displays a power-law (negative exponential) distribution, completely different to the Poisson
distribution that is expected from a random Erdés-Rényi network (Barabasi, 2003; Watts, 2003) and
displayed in Figure 3(d). The results support other findings that connectivity in networks representing social
interactions and processes has specific, non-random social characteristics (see, for example, Barabasi and
Albert, 1999; Sawyer, 2005).

3. RESULTS: COLLECTIVE KNOWLEDGE REPRESENTATION

3.1. Semantic degree and centrality

The Anmatjere semantic network contains 72 nodes (semantically important concepts) and a total of 676
reciprocal ties. The directionality of the network is inferred by the maximum value of the weighted semantic
strength among node pairs. The in- and out-degree metrics of a semantic network denote respectively the
degree of semantic influence that a particular concept (node) receives from other concepts and the degree of
influence that a particular concept emits on other concepts. In the Anmatjere semantic network, the mean
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number of ties per node (degree), normalized to scale from the least to most important in- or out-degree, is
approximately 5.7, as shown in Table 1. In-degree centralization is relatively high (~50%) and out-degree
centralization is relatively low (~7%). This shows that the organization of the semantic concepts in the
Anmatjere data involves a very few central semantic

concepts that act as couriers of semantic influence and as ~ Table 1. Summary statistics for Freeman In-degree
semantic attractors. and Out-degree distribution in the Anmatjere Semantic

Network

The five most central recipients of influence in the —— -
Anmatjere semantic network (Figure 4) are: (a) the sense, Statistic Normalized Nroﬁﬁlne;
function and purpose of the Anmatjere community as a g‘:ﬂﬁfﬁ:;lndegreeCentrﬂlit.v
collective entity; (b) ways of doing things, which are et ageﬁ;ragzmon(m T2 =]
associated with local Aboriginal cultures; (c) activities that SF of Men 388 1201
are undertaken by the region’s people as part of their ﬁﬁﬁﬂjmm‘m 3:5% “’:ggg
livelihoods; (d) the presence and enabling role that the local Maximum 12.676 54.030
council (then ACGC) plays in negotiating emergence of percentile 02 e ey
livelihoods at the collective social level; (e) the central role Sum of semantic ties 676 676
of family as key actor in livelihoods of the region’s people. Towll = =

Omoney o 3.2 Semantic Cohesion
A The stronger the degree of cohesion among
O semantic concepts or group of concepts in the
Qimiy i Anmatjere semantic network, the more those
concepts can be said to form the core of the social
O nmaere O‘y et construct of livelihoods within that community.
. Oomet We have measured distance-based indicators of
cohesion in the Anmatjere semantic network being
Qs e sprim: geodesic distance, compactness and breadth
i (Table 2). The reported metrics show that 91-95%
Figure 4: Central nodes in the Anmatjere semantic of the semantic distance is occupied by core nodes
network, being A¥UES that have Freeman normalized in- whilst 5-9% of the semantic distances is occupied
degree values above the qetwork average. Size of node is by the peripheral nodes. The analysis (De Nooy et
scaled by in-degree value. al., 2005; Wasserman and Faust, 1994) indicates that

the Anmatjere semantic network has a high degree of cohesion, implying in turn that the collective

understanding of the region’s residents about
. & g . . . Table 2: Results of the distance-based computed indexes for
livelihood and employment issues is highly

. .. the Anmatjere semantic network
coherent. We explored this further by examining :

the presence and structure of cutpoints in the Measure Shorr‘est Strongfst Lmi:es:r ‘1\‘Iost
semantic network. A cutpoint is a node whose o b ;::l: Pmbl;]::;
removal disconnects the network (Boyd et al., gfz 1-2;3 1-2?; 12;’ 13?;
2006). Hence cutpoints are often considered as D 903 045 028 045
threshold nodes in a social network (Janssen et al., i(w’?ih , giz [’;g? [’;;_1?; zgf
2007; Wang et al., 2006). Figure 5 shows the (periphery) - - - -
computed cutpoints for the Anmatjere semantic
. . network. It indicates tight semantic
S PR dependency between family,
w ¥ p;ormmy N . . (Ar?rr}a}tjere) region, (.livelihoc.)d)
o 2 D . . activities, and cattle (grazing) which
. / 0 P J i . is the dominant extensive land use in
s . the region. It also shows that
£ o ‘opportunities’, perhaps the most
y . ° important enabler of employment, is
J o . not only a cutpoint in the network, but

is also disconnected from this cluster
of other cutpoints. This indicates lack

. o of redundancy in the semantic
oy s ° network, a factor that network

L AN ° : research has shown to be related to

) ® mangde ° cascading failures, collapses and loss

Figure5: Graph-theoretic cutpoints of the Anmatjere semantic of resilience in many social and natural

network, shown as darker large nodes.
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systems (Neill, 2005; Ormerod and Colbaugh, 2006).

3.3. Exploring critical semantic paths

government
The Anmatjere semantic network was subjected to the
computation of a critical path algorithm (Batagelj and
Mvar, 1996). The algorithm searches all possible
directed paths of any given length in the network, and
tries to finds the one path that minimizes connectivity
in the network (De Nooy et al., 2005). It is sensitive to

ways of doing things

the value of the ties among pairs of nodes. That ®)

connectivity path is the one that is most critical in the (g‘e’:zziii‘rvev:;;) commniy
network. Without it, the network becomes

disconnected. Figure 6 shows the results. Figure 6 Figure 6: Network visualization of the critical path

algorithm (CPM) implementation for the Anmatjere
semantic network. The size of the nodes denotes
fragmentation potential.

confirms and reinforces the importance of central
network structures in the Anmatjere semantic
network. It shows that the flow and connectivity
between income, government, council, ways of doing things, and community is unique within the ontology of
the region’s population and is very critical for maintaining the current social structure of the region. Actions
or policies aimed in promoting employment and livelihood sustainability in the region need to take account
of this critical path.

4. DISCUSSION AND CONCLUSIONS

The method employed and the analysis undertaken in this paper allows us to investigate important
dimensions of the collective social aspects of livelihoods in the Anmatjere community related to employment
outcomes. Some key points from the results and the methodology are:

Very few connected concepts and paths have consistently emerged. These are indicated as being central and
critical to how people in Anmatjere region perceive and process basic issues of employment and livelihoods.
These emergent connected concepts, paths and their properties form an evidence base for theorizing about
employment and livelihood issues in the region.

Evidence based theories, such as grounded theory, are often developed by qualitative aggregation of similar
statements to form a hierarchy of concepts. One of the strengths of semantic network analysis is that it allows
us to study highly nonlinear and complex semantic knowledge relationships that present traditional social and
statistical inference with many challenges. Another strength is that semantic network analysis allows us to
focus on both concepts and the strength and structure of their connectivity.

Semantic network analysis provides a rigorous way to understand significant connected concepts that
represent the collective knowledge held by research participants about the issues being investigated. The
power-law distribution of semantic concepts, with very few highly shared and very many less shared
(individual) concepts, demonstrates the robustness of the findings. However the method is sensitive to
methods of primary data collection. In-depth interviews preferably using interviewees’ first languages would
further promote robustness.

The results of the analyses on critical nodes (cutpoints) and critical paths show that employment
opportunities in the Anmatjere region are not connected with other important hubs on the network: there is a
general lack of redundancies in pathways to valued livelihood options. The connections between income,
government, council and community also form a path that is critically sensitive to any policy and program
changes that influence one or more of these. This connectivity requires careful attention in policy design.

Finally, from a theoretical standpoint, the hierarchical structure of collective social aspects of livelihoods
emerging from our analysis shows how social forces that are often interacting and self-catalysing affect
collective realities, the interplay between livelihood choices and outcomes, and social change in general.
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