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The Complex System of Destination Image: Attack, Failure, and Control  

Introduction
Gap- User-generated content in social media, specifically in the form of online reviews, is believed to be one of the most reliable information sources to understand the nature of demand, market characteristics, stakeholders, competitors, products, suppliers, and business environment (Y. Liu, Teichert, Rossi, Li, & Hu, 2017; Xiang, Schwartz, Gerdes, & Uysal, 2015). Recently, social media mining has drawn the attention of hospitality and tourism scholars (e.g., Fuchs et al., 2014; Gunter & Önder, 2016; Kahn & Liu, 2015; Liu et al., 2017; Pan & Yang, 2016; Xiang et al., 2015); however, no research studies have adopted a complex system approach in the context of destination image analysis utilizing big data analytics. In addition, the existing studies have mostly focused on 5% of big data (i.e., structured data) rather than unstructured and semi-structured data which make up 95% of the big data available on social media in forms of audio, video, image, and text (Gandomi & Haider, 2015). 
Significance- With destination image being a complex system, the method of previous studies to focus on the components of destination image individually (reductionist approach) does not help us to understand the behavior of the whole system. Also, although few destination image studies have recently employed the network analysis approach, their contributions are limited to methodological advancements of destination studies. 
Purpose- This exploratory study contributes to destination image literature by providing a novel perspective and a profound understanding of the ‘destination image’ concept as a complex system as well as its controllability level and vulnerability status. To be more specific, the purpose of this study is 1) to provide arguments and evidence as to why destination image is a complex system, and 2) examine the level of controllability and vulnerability of the system conceptually and empirically.  

Literature Review
Destination Image as a Complex System- Destination image is a complex system since attitude, perception, and mental representations, which make up the totality of destination image (Lai & Li, 2015), are among the main functions of human brain which itself is a complex system (Skyttner, 2002). Review websites are considered as good sources for demonstration of destinations’ organic image as these websites provide reviews that are evaluations of travelers’ experiences and reflect adequacy of activities and resources to provide experiences. According to Tasci (2009), organic image as the outcome of non-commercial, non-touristic information sources such as word of mouth and actual visitation is a complex image because it encompasses a more distinct stance and a truer understanding of the destination specifically when the visitor spends sufficient amount of time at the destination (Tasci, 2009). Based on the above-mentioned definition of the organic image, reviews on the online review websites can form and represent an organic image of the destination.  
Network Approach- Network Science has revolutionized our knowledge and understanding about complex systems’ growth and behavior. Although utilizing network analysis in textual data analysis is not a new practice, only a few recent studies have adopted this approach to study destinations’ images by following the Human Associative Memory (HAM) model (A.D.A. Tasci, Khalilzadeh, Pizam, & Wang, 2017; Asli D. A. Tasci, Khalilzadeh, & Uysal, 2017). Barabási & Albert (1999) showed that complex systems follow scale-free properties of large networks. There are two major principles in scale-free networks such as citation network, airline routes, and World Wide Web. The first principle is known as preferential attachment (aka rich-get-richer) which is the mechanism of network growth over time. According to preferential attachment, a new node entering a new network is more likely to select the node with the highest numbers of links to attach. As a result, these new nodes which have entered the network at the earliest development stage have the advantage of establishing more links (Barabási & Albert, 1999; Pham, Sheridan, & Shimodaira, 2016). Destination image is more of a scale-free network rather than a random network because image is not consisted of pre-defined certain numbers of nodes but constantly includes new attitudinal nodes which expands the network of image over time. The second principle of a scale-free network is node fitness (aka winner-takes-all) which unlike preferential attachment, indicates that the nodes that are more appropriate for a specific network will connect to a higher number of nodes regardless of their arrival time (Pham et al., 2016). Similarly, destination image network can be expected to follow the node fitness principle because attitudinal constructs that inherently fit the destination will gradually dominate the destination network regardless of when they have been added to the image network. 
Failure and Control- Two main research streams on complex systems have received much attention in the past two decades: 1) failure in complex networks, and 2) control mechanisms behind complex networks. Studies have indicated that scale-free networks show higher resistance to random failures due to the existence of hubs (Albert, Jeong, & Barabási, 2000). In fact, because of the two principles of preferential attachment and node fitness, only a small number of nodes grow to become a hub. These hubs hold the totality of the network by being connected to the majority of other nodes. Therefore, the likelihood that random failure occurs in a hub is less than other regular nodes, and also in time of failure of a regular node, the cohesiveness of the network will be preserved by hubs. However, scale-free networks will become vulnerable in time of deliberate attacks since if the attacker targets a few number of hubs, the network will shatter (become fragmented) and the system will fail (Albert et al., 2000).  With regards to point 2, studies on control mechanisms are interested in controlling the system in the most efficient way possible. These studies follow a framework of mathematical tools to control complex self-organized systems (Y.-Y. Liu, Slotine, & Barabási, 2011). With controlling the system, we impose our ability to drive the system’s output toward a desirable outcome by delivering suitable input signals (Yan et al., 2017). To be specific, complex systems are classified within the range of the least controllable to the most controllable (Table 1). The least controllable systems are complex systems that we need to control almost all their nodes in order to move the whole system in the desired direction (output), while the most controllable systems are complex system that we only need to control a few nodes to move the whole system in the desired direction (Y.-Y. Liu et al., 2011). 
Table 1. Different complex systems and the percentage of driver nodes needed to control the system adapted from 
Y.-Y. Liu et al. (2011)
	Type
	Name
	Order (N)
	Size (E)
	nD

	Regulatory
	Ownership-USCorp
	7,253
	6,726
	82.0%

	World Wide Web
	nd.edu
	325,729
	1,497,134
	67.7%

	Trust
	WikiVote
	7,115
	103,689
	66.6%

	Internet
	p2p Gnutella
	10,876
	39,994
	55.2%

	Food web
	Little Rock
	183
	2,494
	54.1%

	Food web
	Grassland
	88
	137
	52.3%

	Food web
	Ythan
	135
	601
	51.1%

	Social communication
	Email-epoch
	3,188
	39,256
	42.6%

	World Wide Web
	Political blogs
	1,224
	19,025
	35.6%

	Power grid
	Texas
	4,889
	5,855
	32.5%

	Social communication
	UCIonline
	1,899
	20,296
	32.3%

	World Wide Web
	stanford.edu
	281,903
	2,312,497
	31.7%

	Food web
	Seagrass
	49
	226
	26.5%

	Electronic circuits
	s208
	122
	189
	23.8%

	Electronic circuits
	s420
	252
	399
	23.4%

	Electronic circuits
	s838
	512
	819
	23.2%

	Citation
	ArXiv-HepPh
	34,546
	421,578
	23.2%

	Citation
	ArXiv-HepTh
	27,770
	352,807
	21.6%

	Social communication
	Cellphone
	36,595
	91,826
	20.4%

	Trust
	College student
	32
	96
	18.8%

	Neuronal Network
	Caenorhabditis elegans
	297
	2,345
	16.5%

	Trust
	Prison inmate
	67
	182
	13.4%

	Trust
	Slashdot users
	82,168
	948,464
	4.5%

	Intra-organizational
	Consulting
	46
	879
	4.3%

	Intra-organizational
	Freemans
	34
	830
	2.9%

	Intra-organizational
	Manufacturing
	77
	2,228
	1.3%

	nD: Nodes (driver nodes) involved in the control process



Methods
[bookmark: _GoBack]Data Source- To create an organic-received (actual) image (Asli D. A. Tasci, 2009) of Curaçao based on tourists’ online traces, TripAdvisor® was selected as the data source. TripAdvisor® is the largest well-recognized review websites that provides millions of online user-generated contents in forms of pictures, reviews, discussions, etc. to tourists all around the world (Y. Liu et al., 2017; Wong & Qi, 2017). Curaçao is selected as the context of this study because as an island destination, it has limited resources and is more isolated compared to other well-established destinations that are close to each other. The importance of Curacao’s isolation is that proximity increases the likelihood of assigning a specific attribute of a destination to another nearby destination, and making its image contaminated. Another reason for which we selected the Curaçao Island is that we were familiar with the destination. A search for the term ‘Curaçao’ in TripAdvisor® resulted in 1,346 pages out of which, 361 were related to restaurants, 36 were about hotels, 406 were relevant to rentals, 312 were about things to do (attractions), and 231 were related to discussion forums and flights. Approximately 125,000 user-generated reviews and opinions exist aggregately from the above-mentioned 1,346 pages. Attractions (things to do) with 312 pages and 50,000 reviews on the organic-received (actual) image of Curaçao is the biggest section. Only 112 pages of attractions with all reviews prior to February 2015 were selected because the language of the reviews were mostly English. Unstructured textual data were scrapped from 112 pages using ‘rvest’ package (Wickham, 2016).
Big Data (Text-Mining) Procedures- Text mining (text analytics) analysis was used with the help of the ‘tm’ package (Feinerer & Hornik, 2017) on R platform (R Core Team, 2017) for both information extraction and pre-processing. The purpose of this analysis was to extract and convert the unstructured textual user-generated reviews to meaningful summaries (Corpuses) for categorization, screening, and cleaning purposes. We followed a standard sequential transformation procedure of data cleaning technique followed by a manual noise reduction technique. In the first phase of the standard cleaning technique, all numbers were removed from the corpuses. In the second phase, white spaces were stripped out of the corpuses’ content. Third, all words were transformed to lower case letters. Fourth, corpuses were investigated for 174 English stop words to be removed. Finally, in the fifth phase, all punctuations were withdrawn from the data. When conducting manual noise reduction techniques, all word frequencies above 50 were considered as significant and were checked for zero-tolerance bundles of letters and words. In the noise reduction phase, word reduction was employed to retrieve essential words. For the word reduction technique, semantically related words, words with a third person ‘s’, plural forms, different verb tenses, etc. were reduced into one single word in order to avoid repetitions and frequency breaks. Spelling corrections was also employed during word reduction to avoid duplications. 374 word reduction loops were generated for the purpose of this study. The outcome of pre-processing step was a large document-term matrix of 83 documents (businesses/attractions in rows) and 10,701 terms (columns) with 128,241 frequency of terms.
Network Analysis Procedures- The matrix created was used as an incidence matrix on which the bipartite network of businesses/attractions and their related terms (Curaçao destination image) were built. After creating the Curaçao image network, its degree distribution was carefully investigated to find the empirical evidence of the scale-free networks. In order to do so, power-law distribution test (Gillespie, 2015) is utilized because the two major principles of scale-free networks (preferential attachment and node fitness) make these networks’ degree distribution follow the distribution of power-law. In other words, the distribution of nodes’ degrees in a complex system network creates a fat-tail distribution, showing that there are many nodes with very few links and very few nodes with many numbers of links. Next, by using the hub scores, we identified the main hubs of the Curaçao Island’s image network for failure and attack analysis. Hub scores are defined as the principal eigenvector of AAT, where A is the adjacency of graph. To find the hubs that are subject to attacks by competitors, the hub score of attitudinal nodes in Curaçao Island’s destination image network are calculated by using an iterative approach borrowed from computer science (Gillespie, 2015). Finally, by adopting the control theory and maximal matching principle (Deng, 2017), the controllability level of the Curaçao Island’s image network was scrutinized. According to maximal matching principle, when the maximum number of matching nodes are identified in a graph, the remaining nodes (unmatched nodes) are the minimum number of driver nodes that can be utilized to direct the system towards a desired outcome. The  ‘igraph’ (R Core Team, 2017) package under R platform (R Core Team, 2017) was used to conduct network-related analysis.  

Results and Discussion
Network Structure- Figure 1 shows the network of Curaçao Island’s destination image. The network is a graph size of 73,533 with the order of 10,784. Since this network has been constructed from unstructured textual data, the resulted network is a sparse graph with density of 0.0013. Despite being a very large network, the diameter of the network is 5 which is the property of Watts-Strogatz’ small-world network model (Albert & Barabási, 2002). On the other hand, the bipartite network of Curaçao Island’s destination image is not a small-world model because the clustering coefficient is 0. The clustering coefficient of 0 is due to the method that we used to build the image network. To be more specific, within our network, every attitudinal node is connected to one or more business nodes but not to other attitudinal nodes. The same principle applies to business nodes. It should be noted, however, that not being a Erdős–Rényi random model and Watts-Strogatz’ small-world network model does not necessarily make the model a scale-free network. Therefore, we investigated the power-law distribution characteristics of the network in hand to verify that Curaçao Island’s destination image network is in fact a scale-free model (Albert & Barabási, 2002). 
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Figure 1. The main incidence matrix. Green vertices (N = 83) show the attractions/businesses, dark red vertices (N = 10,701) show the terms (Attitudinal) assigned to attractions/businesses (Graph Density = 0.0013, Network Diameter = 5, Average Degree = 7.51). Graph is drawn using the Force Atlas algorithm.

Power-Law Distribution- Figure 2 shows the log plot of Curaçao Island’s destination image network’s degree distribution tail.  As shown in figure 2, three distributions are fitted to the data as follow: the blue line follows exponential distribution, the green line follows log-normal distribution, and the red line follows power-law distribution. According to the figure, it seems that power-law distribution shows a better fit compared to other distributions. Therefore, it is possible to argue that the Island’s destination image measured in form of TripAdvisor users’ comments on multiple businesses follows power-law distribution. Pairing the conceptual arguments surrounding complex systems with the empirical findings on the power-law distribution show that Curaçao Island’s destination image is a complex system with scale-free network properties of preferential attachment and node fitness. Therefore, Curaçao Island’s destination image can be susceptible to attack and random failures. However, as previously explained, scale-free networks are robust to random failures and the only concern is about deliberate attacks. This means that if close by Islands (Curaçao Island’s tourism competitors) target the Curaçao Island’s destination image elements by strengthening the same elements of their own image, Curaçao Island’s destination image will be significantly deteriorated.
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Figure 2. Log plot of the degree distribution’s tail for Curaçao destination image network. Red line (power law), green line (log normal), and blue line (exponential); dots are the degrees. 

Hubs and Attacks- Table 2 shows the top 20 attitudinal nodes of Curaçao Island’s destination image network sorted by their hub scores. Table 2, further, provides the betweenness, degree, and closeness centralities of the attitudinal nodes. Within the top 20 hubs of Curaçao Island’s destination image network, there are 6 hubs that are semantically meaningless in isolation (i.e., great, times, trip, good, nice, and best). These are the words that were paired with some common words and that is why they became hubs. Among the remaining nodes (hubs), four of them are not attackable because they are either unique or out of the control of Curaçao tourism board. These four hubs are Curaçao, water, ocean, and island. The majority of hubs, however, are attackable. We categorized these ten attackable hubs to four groups of natural resources, human resources, overall experience, and facilities. Since our text-mining approach does not include the valence of the attitudinal nodes, it is not possible to identify whether these hubs are strength or weakness of the Island’s image.  Nevertheless, due to the high ratings of analyzed businesses, we can assume that these hubs are positive and so are the strengths of the Curaçao Island’s destination image. The highest hub score is for the hub ‘diving’ which can be easily targeted by nearby islands. The other natural resources hubs are ‘beach’ and ‘dolphin’ which again all can be attacked by Curaçao competitors. The ‘facility’ and ‘overall experience’ categories include the hubs of ‘shopping, boats, and busses’ and ‘experience, and fun’ respectively which, similar to natural resources category, Curaçao competitors can easily attack by strengthening these aspects within their own image. Finally, the human resource category is composed of the two hubs of ‘friendly’ and ‘staff’ that are highly dependent on hospitality and tourism vocational training and can be easily imitated by Curaçao competitors. These results show the need of more unique hubs in Curaçao image network to consolidate the system in handling deliberate attacks.
Table 2. Top 20 hubs of the attitudinal nodes
	Label
	Hub
	Betweenness
	Degree
	Closeness

	Diving
	1.000
	0.002
	41
	0.451

	Curaçao
	0.243
	0.004
	41
	0.500

	Great
	0.242
	0.004
	41
	0.498

	Times
	0.170
	0.003
	41
	0.494

	Beach
	0.165
	0.003
	41
	0.471

	Shopping
	0.142
	0.002
	41
	0.455

	Experience
	0.140
	0.003
	41
	0.485

	Trip
	0.132
	0.003
	41
	0.488

	Boat
	0.124
	0.002
	36
	0.445

	Bus
	0.114
	0.001
	29
	0.421

	Dolphin
	0.114
	0.000
	15
	0.344

	Water
	0.113
	0.002
	41
	0.467

	Friendly
	0.109
	0.003
	41
	0.489

	Staff
	0.102
	0.002
	41
	0.462

	Good
	0.099
	0.004
	41
	0.498

	Nice
	0.091
	0.003
	41
	0.493

	Ocean
	0.086
	0.001
	30
	0.429

	Best
	0.081
	0.003
	41
	0.489

	Island
	0.081
	0.004
	41
	0.497

	Fun
	0.078
	0.003
	41
	0.486


 

Control- Following the suggestion of Y.-Y. Liu et al. (2011), we used the maximal matching principles to identify the nodes needed to control the Curaçao image network. The results shows that in order to control this network, 98 percent of the nodes should be used as driver nodes (which is almost all the attitudinal nodes if we exclude business nodes). Since the text-mining process was computerized, there might be several spelling errors or word variations that have caused noise in image network. As a result, we reduced the order of the network from 10,784 to 1,561 by eliminating the nodes with frequency of less than 10. Accordingly, we re-ran the matching algorithm on the network. The results show that in order to control Curaçao image network, 89 percent of the nodes should be selected as driver nodes. The reason as to why a large portion of nodes are needed to control the destination image system is the parameter’s (γ) value estimated for the distribution (). As indicated by Y.-Y. Liu et al. (2011), when the parameter (γ) of power law distribution approaches 2, the percentage of nodes needed to control the system approaches 1 (100 percent). In our case, γ is 1.71 which is why more than 90 percent of the nodes should be used as driver nodes to control the system. As expected, most of the nodes needed for controlling the island’s image are not among the hubs (Y.-Y. Liu et al., 2011). However, ‘bus’ and ‘staff’ are among the few hubs that should receive special attention as they also exist among the driver nodes. Based on these results, it is possible to conclude that as the bipartite image network of a small island is a complex system with the least controllability, if the Curaçao tourism board wants to control their destination image, they need to have authority on all components of their image.
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