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Introduction 
There is growing interest in supply chain risk management, to the extent that it is now a crucial research 
area in both the academia and practice. There are three major reasons behind this development: the 
recognition of supply chain complexity; the reduction of redundancy due to more efficient logistics; and 
the increase frequency of catastrophic events (Behzadi et al., 2018). For the purpose of business continuity 
and sustainability, researchers and practitioners have recently concentrated attention on resilience 
(Ponomarov and Holcomb, 2009) to build sustainable competitive advantage, especially given the 
interdependencies among organizations and individuals. 
In New Zealand, natural hazards are among the top risks and causes of supply chain disruptions. The 
Centre for Economics and Business Research (2012) ranks New Zealand as the third most vulnerable 
economy to be impacted by natural disasters. Such hazards have cost the country on average one percent 
of the GDP, since 1990 (Insurance Council of New Zealand, 2014). Although the rural economy is a crucial 
pillar of the New Zealand economy (New Zealand Government, 2014), it is especially vulnerable to natural 
disasters such as earthquakes, floods, hurricanes, volcanic eruptions and tsunami. As agriculture is a 
vitally important component of the New Zealand economy, the need build resilience in this sector is critical. 
Complex adaptive system theory captures the complexity and capabilities of global supply chains in the 
context of a dynamic environment. In line with this theory, social network analysis (SNA) provides an 
excellent approach to study these supply chain attributes thanks to its focus on the interactions and 
complexities of a network. SNA is a powerful method which has been used widely in sociology, 
anthropology, politics, technology and economics (Rodriguez and Leon, 2016). It employs concepts from 
graph theory, statistics and algebra (Wasserman and Faust, 1994). The potential for SNA to explore supply 
chain is widely acknowledged (Borgatti and Xun, 2009), but as yet there is no comprehensive SNA 
framework for studying risk management in general and supply chain resilience specifically. 
Supported by a larger research project on resilience led by the Scion research institute, this research aims 
to assess the applicability of SNA for studying supply chain resilience via asking “How can SNA be applied 
to study the resilience of supply chains?” By examining the characteristics of a rural supply chain network 
in New Zealand, the study aims to explore the relationships between network patterns and resilience 
attributes. As methodological research, the study is expected to make an important contribution to the area 
of risk management and sustainability development for supply chains, especially in terms of research 
methods to investigate resilience.  
Supply Chain Resilience and Social Network Analysis 
Supply chain resilience removes the limitations of conventional approaches, which cannot cope with 
today’s complexity and unpredictable disruptions (Pettit et al., 2013). Christopher and Peck (2004) 
emphasized the resilience ability of a system in regard to how it recovers or bounces back to a better state 
after disruption. This early work triggered the interest of researchers and practitioners to build a resilient 
network (Abe and Ye, 2013). One of the most popular and comprehensive definitions was developed by 
Ponomarov and Holcomb (2009), as “the adaptive capability of the supply chain to prepare for unexpected 
events, respond to disruptions, and recover from them by maintaining continuity of operations at the 
desired level of connectedness and control over structure and function” (p.131).  
Previous studies have identified the attributes of a resilient supply chain; proactive strategies include 
anticipation capability, visibility, robustness, network security and information and knowledge 
management. Specifically, anticipation refers to the ability to sense the risk (Datta et al., 2007), to build 
continuity plans (Pettit et al., 2010), understand supply chain vulnerability (Melnyk et al., 2014) and thus 
control and minimize risks and consequences (Manuj and Mentzer, 2008). Visibility is necessary for all 
resilience stages, relating to supply chain transparency, information sharing and connectivity (Ali et al., 
2017). Robustness depends on supply chain design or configuration and supply base strategy (Craighead 
et al., 2007), and therefore to continue to function despite disruptions. Meanwhile, concurrent strategies 
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require the capability to adapt and respond, in which flexibility, redundancy, adaptation and agility all play 
essential roles (Ali et al., 2017). Rather than merely withstanding disruptions, flexibility allows supply chains 
to adjust their management functions and processes in different ways (Wagner and Neshat, 2010). 
Redundancy refers to excess capacity to cope with sudden changes in a supply chain (Rice and Caniato, 
2003), relating to supply chain design. Adaptation, in general, means the ability of the supply chain to 
respond to a disturbance before recovering, while agility focuses on how quickly a supply chain adapt to 
a disruption (Ali et al., 2017). Although many researchers define “visibility” as a sub-element of agility, many 
others argue it should be a separate element as visibility focuses on information transparency, whereas 
agility emphasizes responsiveness. Finally, the ability to learn or manage knowledge/ experience and 
collaboration are crucial elements to resilience (Jüttner et al., 2003). 
SNA is considered a powerful methodology in supply chain studies, which require analyzing and 
understanding the interrelationships between members. As complex adaptive system theory has more 
popular, the social network lens is becoming an area of interest because of the holistic network approach 
(Carter et al., 2007, Childerhouse et al., 2010). Through this lens, a supply chain network is considered as 
a set of entities that have both interdependencies and independence. As modern supply chains are 
considered as networks of interrelated actors, increasingly researchers have chosen study them via SNA 
(Carpenter et al., 2012, Childerhouse et al., 2010, Kim et al., 2015, Rodriguez and Leon, 2016). 
SNA is believed to be a powerful analytical approach that can quantify the different network properties. 
On the one hand, SNA allows researchers to test hypotheses with a confirmatory approach quantifying 
the subjective character of relationships to objective parameters, measure or probability (Hanneman, 
2005). On the other hand, SNA also offers the capability to conduct exploratory research, facilitating 
visualization and exploration of special properties of networks and individual’s position (Rodriguez and 
Leon, 2016) via a range of analysis tools such as network density, network fragmentation, centrality 
measures and reachability. Further research on supply chain resilience is warranted in regard to empirical 

and analytical studies. Existing studies concentrate 
on the firm level (Craighead et al., 2007, Blackhurst 
et al., 2011), whereas, the vulnerability of a supply 
chain is a network-level phenomenon that needs to 
be tackled via a holistic perspective. The association 
between supply chain network patterns and 
resilience appears to be an area for urgent academic 
research. The extant research largely focuses on 
business-as-usual disruptions, leaving a gap to 
research resilience from serious and rare 
disturbances which may have catastrophic 
consequences (Behzadi et al., 2018).  
A general framework (see Figure 1) is proposed to 
guide this further research. As SNA is a method 
specially for network exploration (Borgatti and Xun, 
2009, Wasserman and Faust, 1994), it might be 
powerful to examine properties of network 

interconnectedness, network structure and actor criticality. Many researchers have recognized the impacts 
of various network properties on supply chain resilience through anticipation (Blackhurst et al., 2011, Pettit 
et al., 2013), information exchange (Jüttner and Maklan, 2011, Brandon‐Jones et al., 2014), supply chain 
design (Day, 2014, Wieland and Wallenburg, 2013, Zhao et al., 2011) and disruption response (Craighead 
et al., 2007, Kim et al., 2015, Wieland and Wallenburg, 2013). This research framework puts forward the 
proposition that SNA provides an effective means to understand all four categories of supply chain 
resilience via characteristics of the supply chain network, using different sets of techniques of graph 
theory, analytics and simulations. These tools have potential to discover network properties with both a 
quantitative and qualitative angle. The quantitative techniques consists of graph theory tools, which can 
visualize the web of relationships using graphs, and analytical tools, which can help understand properties 
at the network, group and individual level (Borgatti et al., 2013, Hanneman, 2005). Qualitative approaches 

Figure 1: SC Resilience SNA Modelling 
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include simulations to examine the network dynamics and in-depth analyses – in combination with 
quantitative methods – to see how network characteristics affect performance (Scott, 2013). SNA therefore 
bridges the methodological gap to fully investigate resilience from a network perspective with empirical 
data. 

 
Research Methodology 
Semi-structured interviews were used to collect the data, in order to gain appropriate insight into the 
current situation, achieve the predetermined target for information within time and budget constraints, and 
minimize researcher and respondents bias (Bryman and Bell, 2015). Before conducting interviews, a 
detailed guideline for data collection was developed, followed by pilot interviews. The interview technique 
was face-to-face and one-on-one, as this is the most effective way to acquire rich information from 
interviewees. Respondents were in management positions, with those who understood their business and 
its supply chain interactions. The research area selected was a rural New Zealand district that faces 
considerable natural hazards. 
A non-probability sampling technique was applied. This is because it is difficult to determine all potential 
subjects, coupled with the difficulty of selecting cases equally among critical actors and peripheral 
members in any supply chain network. Initially, a purposeful technique was adopted to select a few key 
organizations within the research area, and snowball was then applied. Since it is almost impossible to set 
a boundary for a full supply chain network (Choi et al., 2001), the data collection stage stopped at 50 
interviewees, with 456 total members in the network. As the target of this research is agricultural supply 
chains, only those operating in this sector were included in the analysis, resulting in a network of 322 
organizations, of which 39 businesses were directly interviewed. The remaining 283 organizations were 
referred to by respondents as their suppliers or clients (so-called “secondary organizations”). UCINET 6, a 
comprehensive software for SNA, was used to analyze the data (Carrington and Scott, 2011), together 
with supporting software: Key Player 2 in the case of the simulation analyses. 
 
Analysis and Findings 
Figure 2 illustrates the resultant research network, the green nodes refer to primary organizations and blue 
nodes represent secondary organizations. This network contains 546 business ties, depicted as arrows. 
The method used to locate these organizations in the diagram is based on the graph theoretic layout of 

UCINET, whereby close actors (in terms of 
direct connections) are located near to each 
other, and nodes with large numbers of 
business relationships are sited more 
centrally. 
Network density is a common measure of 
network cohesion analysis, characterizing 
probability that a business relationship 
exists in the underlying network (Carrington 
and Scott, 2011). It shows that there is an 
8.9% probability that a tie exists between 
two random primary members. Compared 
to examples from 7.4% and 6.6% density of 

networks in Kim et al.'s (2011) SNA study, this 39-member primary subset is relatively dense. This suggests 
that the research network is complex and might contribute to the severity of disruptions (Craighead et al., 
2007). On the other hand, the relatively dense feature indicates a good chance that organizations can 
cooperate with others for information and resource exchange and thus speed up the information flow, thus 
visibility. 
Network cohesion also contains connectedness and fragmentation indices which quantify the extent to 
which the underlying network is connected as a whole. In this research network, the connectedness index 
is 1 and fragmentation is 0. This means that each organization in the network can reach all the other 
members. Component analysis provides an overview of network structure that is how the network is 
separated into disconnected areas. Its result indicates that the network has a wholeness feature, that all 

Figure 2: Visualization of the research network 
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actors form a connected community. This 
result matches the previous finding from 
network connectedness and fragmentation 
of network cohesion analysis. Thanks to 
this feature, information and other 
resources can be disseminated within the 
entire network. 
Connectivity analysis examines how the 
network retains its connectedness when 
removing nodes or ties. The most popular 
technique is cut-point analysis in which a 
cut-point is defined as one point or node 
that if deleted will result in the generation 
of one or several components (Wasserman 
and Faust, 1994). The parts into which the 

cut-points separate a network are called bi-components (Hanneman, 2005). This research network has 29 
cut-points (green nodes in Figure 3) with 216 bi-components. Instead of using the graph theoretic layout, 
the positions of the nodes are re-arranged to illustrate how the bi-components are linked together by the 
cut-points. Noticeably, 16 of the 29 cut-points are focal farms of the supply network. These 29 cut-points, 
due to their special positions, are important to network connectedness, playing brokerage roles among 

otherwise disconnected groups. Among the 
216 bi-components are 215 groups each with 
only two members; one cut-point and one 
other node. These 215 blue nodes are 
considered peripheral because the removal 
of cut-points will leave them isolated and thus 
have relatively weak links to the whole 
community. The group with magenta nodes 
and green cut-points is the central bi-
component, which accounts for one-third of 
the network. It is where many connections 
and important actors are embedded, forming 
a hard-to-disconnect cluster. This connectivity 
analysis helps construct a supply chain 

vulnerability map and emergency plans to ensure the network cohesion. 
Group-level analysis has been conducted using selected tools (clique and k-core) to examine cohesive 
structures. Clique analysis is the strictest analysis of cohesive groups, in which each member has ties with 
all others. The connection of each organization to its clique is difficult to break even if any relationship or 
other node is removed. Figure 4 illustrates a cluster of 43 cliques with 42 members. This cluster, therefore, 

is a robust and cohesive group in which the 
flows that run through organizations are 
faster and more efficient than for the 
remainder. It might therefore be a solid 
foundation for a strategic alliance which 
supports anticipation and adaptation by 
constructing resilience plans, developing 
situation awareness, passing information or 
effectively collaborating against disruption. 
Actors who mutually join in more cliques will 
have stronger relationships and be more 
central in their clique cluster (Hanneman, 
2005, Borgatti et al., 2013). The analysis 
shows that certain organizations have this 
special position; in which farm service 

Figure 3: Cut-points and bi-components of the research 
network 

Red square: Clique name; Blue circle: Clique member 
Figure 4: Cliques in the research network 

 

Note: Blue node: k = 1; Yellow node: k = 2; Orange node: 

k = 3; Red node: k = 4; Green node: k = 5 
Figure 5: K-core layers in the research network 
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provider B003 joins the most cliques and thus plays a central role in transferring information and resources 
between cliques. The government agent A242 and farms B041 and B042 are also important in this sense. 
In addition, the agent A242 and veterinary clinic B046 play a special bridging role, as without them several 
cliques will be separated from their large cluster. Considering the clique cluster alone, they are fragile 
spots for flows running through clique members. 
K-core analysis is a more relaxed approach, examining groups in which each member has ties with at 
least k other members. Figure 5 shows that the research network is divided into five clear, core-peripheral 
layers. The 215 blue nodes with the lowest k value match the 215 peripheral nodes in connectivity analysis; 
while actors whose k scores is from two to five belong to the central bi-component. The most inner group 
(green nodes) plays as a “seedbed” for important actors. This analysis could be used to eliminate peripheral 
layers, supporting further analysis, thus, developing resilience plans in the preparation phase. 
To study the embeddedness of actors, centrality, reachability and fragmentation analyses was used. 
Among centrality measures for actor’s positional importance, eigenvector centrality is useful to evaluate 
popularity and influencing potential (Borgatti et al., 2013). The top 10 organizations with the highest 
eigenvector centrality scores also have the highest closeness centrality scores (i.e., potential to quickly 
communicate and exchange resources with others); these included five farms, the local government 
agent, two service providers and two farm supply businesses. 
Reachability analysis focuses on the ability to transmit between organizations. It shows that the top 10 
reachability actors can reach a significantly large proportion after three steps and the entire network after 
only four steps. They possess significant capability to pass information or resources effectively throughout 
the network. Remarkably, the local government agent, A242, has the most powerful position, reaching 
two-thirds of the network in two steps and 95% of the network after the third step. Node-level fragmentation 
depicts the importance of the actor’s presence to network connectedness. The result reveals 29 
organizations in this position, interestingly a café is at the top of the fragmentation index, despite its small 
size. 
SNA also allows researchers to conduct simulations for different scenarios, we used it to conduct diffusion 
and disruption analyses. The diffusion simulation identifies optimal sets of actors in information or 
knowledge exchange and demonstrates how these flows are transmitted. It shows that to reach the whole 
network in one step, the minimum initial number of organizations is 31, which is 10% of the network. Starting 
by selected five organizations could reach the majority of the network (99%) in two steps. If 1% of the 
network (i.e., three organizations in magenta in Figure 6) start passing information, it takes only two steps 
to reach most of the network (87%), and three steps to reach the entire network. 
 

 
 

Figure 6: Simulation of information diffusion in the research network 
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While, disruption analysis is based on a scenario where a disruption occurs, leaving some organizations 
out of action. It unveils the importance of specific nodes, which might lead to a serious network separation 
if they shut down. If the most vulnerable 1% of this network (3 nodes) is closed, the network would be 
impacted by one quarter. These three organizations are also the three cut-points with the highest node-
level fragmentation indices. While, closing a 10% of the network will compromise the whole network 
connectedness, indicating its connectedness depends significantly on a small sub-set. 
Discussions 
Figure 7 illustrates how SNA tools can bridge the gaps between network properties (left-hand column) and 
supply chain resilience attributes (top row). The figure shows that SNA can be used to ascertain all three 
categories of network properties and relate them to the full range of resilience attributes. The 
interconnectedness impacts all five afore-mentioned aspects, which can be explained using SNA tools at 
the network level; that is, network cohesion, connectivity analysis, fragmentation analysis and simulations. 
Network structure can also influence the anticipation, visibility, agility, robustness and adaptation of 
resilience. Network-level tools, such as component analysis, help to explore network typology and 
configuration, while group-level tools are useful to explore network sub-structures. Finally, the importance 
of actors can be examined using centrality, reachability and fragmentation measures, helping to develop 
aspects of anticipation, visibility, agility and adaptation. 
 

 
Figure 7: Applications of SNA tools to investigation supply chain resilience 

 
In summary, the most meaningful contribution of this study is its methodology. Within the current literature, 
which lacks empirical studies on resilience and its related network attributes, this research provides a 
powerful analytical approach. While a considerable number of studies have focused on conceptualization 
and theory building (Ali et al., 2017, Christopher and Peck, 2004, Hohenstein et al., 2015), it is also 
necessary to study resilience and related issues using empirical approach. Empirical research has been 
carried out in the past (Blackhurst et al., 2011, Craighead et al., 2007, Johnson et al., 2013), but mainly 
qualitative case studies, which leaves a gap for quantitative approaches. The analytical approach to 
studying resilience is similarly limited, with a few exceptions; for example, Brandon‐Jones et al. (2014); 
Kim et al. (2015) and Wieland and Wallenburg (2013). This study demonstrates how to use SNA as a 
quantitative method with an analytical approach, graph theory and simulations to explore supply chain 
resilience. 
The SNA approach in this study allows researchers to study networks at different levels of analysis, from 
individuals to groups and holistic networks. A large part of the previous research has focused on resilience 
at the firm level and its ego-network (Wieland and Wallenburg, 2013, Blackhurst et al., 2011, Johnson et 
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al., 2013). A plausible explanation is that organizational resilience has been considered a foundation upon 
which to build supply chain resilience, and collecting and mapping network data is limited in prior studies. 
This study continues the recommended research direction of the previous literature, proposing research 
on an empirical network dataset. The data is sliced in different ways and analyzed at both the micro and 
macro level. As resilience and its related issues are network-level phenomenon, it is appropriate and more 
meaningful to focus on evaluating resilience at the network level. Compared to previous research, this 
study offers a more comprehensive framework to evaluate resilience attributes by exploring network 
properties. Other studies have confirmed various associations between resilience and network properties, 
such as network connectedness and anticipation, visibility and agility (Brandon‐Jones et al., 2014, 
Hohenstein et al., 2015) and network structure and visibility, agility and adaptation (Johnson et al., 2013, 
Kim et al., 2015). Using a complex adaptive theory view, this study develops and tests a framework to 
evaluate these previous propositions. 
The study focuses largely on the readiness phase, with its related attributes of anticipation, visibility and 
robustness. Further study has been called for in this phase (Ali et al., 2017), as is type of disruptions another 
gap to which this study contributes. Generally speaking, much of the current research has focused on 
business-as-usual disturbances, such as demand fluctuations or demand-supply mismatches, while 
resilience against catastrophic events has received inadequate attentions. This study helps filling this gap 
by focusing on natural disasters and significant disruptions. 
Our study natural has its own weaknesses there is a lack of considering given to some important elements 
(e.g., sensing future disturbances and supply chain security) in anticipation analysis, the need to study 
further the organization capabilities of responding quickly and cooperating effectively to boost the agility. 
Noticeably, the disruption severity and the way a network responds to a disruption in the real-world setting 
are necessary to be studied for more understanding of the adaptation aspects. 
 
Conclusions 
The most valuable result from this study is the research framework, which can be used as a guideline for 
the application of SNA to resilience studies. It indicates that SNA is a powerful method to study supply 
chain resilience in regard to different elements of resilience with different levels of analysis from the macro 
to micro. Accordingly, the study contributes to bridge the gap between network properties and network 
resilience using various types of quantitative methods (i.e., graph theory and analytics) and qualitative 
analysis tool (i.e., simulations and interpretation to synthesize the findings). With real-case data collected 
from a rural region, it offers a practical view of network resilience. 
This study has some policy implications which should attract the attention of policymakers to consider 
including elements of network properties in their decision-making processes. Accordingly, they could use 
the framework to understand how a regional network and the mechanisms of its internal and external 
relationships determine resilience. Our findings could also be used to build resilience plans and develop 
appropriate supply chain relationships. Understanding the structure and characteristics of supply chain 
relationships, as well as how those attributes impact resilience, will support supply chain managers to 
develop appropriate strategies. 
The research provides a picture of the network using fixed ‘snapshots’ with cross-sectional data. However, 
supply chain networks are dynamic ever-changing relationships. This has restricted the depth of our 
network study. Hence, a longitudinal study would be appropriate to explore the changes over time. 
This research has focused on the topic of resilience in supply chain management using SNA, which could 
be expanded to other potential application areas in future research. SNA could be applied more broadly 
to study other supply chain problems, such as supply chain agility, supply chain collaboration or inter-
organizational trust. Different tools of SNA may therefore be useful to a wide range of other applications 
to enhance value creation along the supply chain. 
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