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 This study looks at artists’ careers as paths defined by their relative position in a 

dynamic professional network where innovation and creativity are highly regarded. 

Today, the theoretical and empirical study of networks has demonstrated that in some 

professions the individuals’ position in the network can facilitate or constrain their 

success. In studies about diffusion of information, for instance, some authors have found 

that individuals connected to a greater variety of sources are more creative and perform 

better. I explored this idea by looking at a network of visual artists and art institutions in 

Miami, and found a positive correlation between position and success, though, not 

explained by variety exclusively. In the network, artistic success is a function of 

connecting both across artistic categories and a hierarchical system; therefore, in an art 

world, creativity and innovation are mediated by key members, who distribute 

information and resources through affiliation, prominence and brokerage
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INTRODUCTION

The idea that culture and social life is somehow structured has a long tradition in 

anthropology. Today, it is well recognized in the social sciences that “many important 

aspects of societal life are organized as networks” (Wasserman and Galaskiewicz 1994, 

xii). These systems are characterized as being self-occurring, self-determining and with 

inherent economic and symbolic capital for its members. Interdisciplinary studies have 

demonstrated the importance of studying networks through an analytical approach like 

social network analysis (SNA). In cultural studies, for instance, the analysis of networks 

is valuable in understanding micro and macro phenomena, such as local and global 

cohesion, diffusion of information, exchange patterns, acquisition of prestige, impact of 

urbanization, corporate interlocking, disease propagation, and clique formation, among 

others (Freeman 2011). Another reason that social network analysis is growing more 

important for the social sciences is the large-scale data currently available, which poses 

new challenges and opportunities to the social researcher (Johnson 1994).  

Based on theoretical and empirical ideas born from SNA, I created a model of the 

Miami art world in order to study its characteristics, both in general and specifically to 

understand factors that contribute to artistic success. In general terms, I wanted to 

understand the global characteristics of the network, including such fundamental qualities 

as its topology, so I could compare it to other networks and thereby highlight any 

potentially universal attributes. In particular, I wanted to test the hypothesis that being a 

broker, as defined by the network structure, contributed to an artist’s success. According 
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to Ronald Burt, individuals that bridge groups (brokers) not only acquire greater social 

capital, but are more creative and innovative in their areas (2004). 

To test this idea, I created an affiliation network in which one set of nodes was 

“events,” in my case, art exhibitions, and the other set of nodes was the artists who 

exhibited at those events. In the network model, artists can only be linked to events, not 

directly to each other. Therefore, connections between artists are indirect because they 

only exist by virtue of sharing an exhibition in which both were involved. I performed as 

many analyses as possible on this original two-mode network because it preserves all of 

the information. Certain analyses, however, designed for single mode networks cannot be 

performed on this network. For those purposes, I created the co-affiliation networks, that 

is to say, I projected the rows and columns separately so that each formed a single mode 

network of its own. This produces two, separate single mode networks, one of artists in 

which the links are shared exhibitions and a second of exhibitions in which the links are 

artists who participated in both events. I then carried out single mode analyses on the 

projection of the rows and/or the columns. 

The affiliation network covers the art exhibitions held at twelve institutions 

between 2005 and 2015. These data allowed me to map the interaction between art 

producers and distributors and to measure the intrinsic effect in a member's position 

within the network. Although with certain restrictions, I found a correlation between 

successful and bridging positions, as well as a small world network with high local 

clustering and connectivity, where an artist’s number of exhibitions grows as a power law 

distribution.  
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In the following chapters, I will present the theoretical background and historical 

context for both the importance of studying the relative structural position of individuals 

in a network and the existence of an art world as a well-defined cultural domain. Second, 

I will examine about the historical background of social network analysis, its most 

relevant concepts for this research and its importance within cultural studies. Third, I will 

present the methods, data collection, network topology and main results. And finally, I 

will discuss the network within its cultural context and theoretical framework.  

Structural Holes Theory  

In the network, spaces where there are no connections are known as structural 

holes. These “empty” spaces limit the possibilities for information and other resources to 

flow throughout the network. Individuals that bridged these holes are structurally relevant 

to the transmission of resources and have become a focus of study. For instance, 

following the studies of Granovetter’s The Strength of Weak Ties (1973), Milgram’s The 

Small-World Problem (1967) and Padgett and Ansell’s Robust Action and the Rise of the 

Medici (1993), Ronald Burt argues that cultural capital forms through a series of 

exchanges between disconnected groups that are bridged by some individuals acting as 

brokers of the network. He contends, “Opinion and behavior are more homogeneous 

within than between groups, so people connected across groups are more familiar with 

alternative ways of thinking and behaving” (2004, 349). This comes in contradiction with 

Coleman’s idea that it is closure (networks highly connected) and not fragmentation that 

represents the primary source of social capital. The former has been shown to be 

redundant in information, which gives no particular advantage in the formation of new 

ties while networks full of structural holes (missing or non-existing connections) increase 
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the advantage of cooperation between groups because information tends to be more 

additive than recursive. Consequently, individuals spanning different groups become the 

main transmitters of new ideas, and their position becomes indispensable to keep the 

information flowing (Burt 2002).  

Burt demonstrates his argument by studying 673 managers at a large American 

electronics corporation, where he found that “compensation, positive performance 

evaluations, promotions, and good ideas are disproportionately in the hands of people 

whose networks span structural holes. Those between groups are more likely to express 

ideas, less likely to have ideas dismissed, and more likely to have ideas evaluated as 

valuable” (2002, 349). The advantage of an individual standing in between groups, who 

in network jargon are known as “the brokers,” lies not only in the acquisition of new 

information but also in the control over what is transmitted and to whom that information 

gets delivered. This, in particular, gives them a great amount of power, credibility and 

success in their respective neighborhoods (Burt 2002). 

 Key to Burt’s studies is research carried out on small worlds. The first one to test 

the common belief that we live in a ‘small world’ was Stanley Milgram. In the 1960s, he 

carried out a study in which he asked a random group of people in Omaha, Nebraska to 

send letters to one of his acquaintances in Boston. The subjects in the study were told to 

send the letter to someone they knew on a first name basis and whom they thought could 

be in social or geographical proximity with the final receiver. Twenty percent of the 

letters that initiated the experiment reached their final addressee, with an average of six 
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intermediaries (Watts et al. 2002). This later translated into the famous six degrees of 

separation that has been so widely tested1 and portrayed in popular culture.  

Another important contribution to the studies of the small world phenomenon is 

Mark Granovetter’s study on weak ties (connections across groups). He found that while 

strong ties (immediate tightly knit cluster) are important for local cohesion, weak ties are 

“indispensable to individuals’ opportunities and to their integration into communities” 

(1973, 1378). Granovetter attributed this phenomenon to the fact that information within 

clusters is homogenous and redundant, so new information necessarily comes through 

external connections. “The fewer indirect contacts one has the more encapsulated he will 

be in terms of knowledge of the world beyond his own friendship circle” (1973, 1371). 

In 1998, Watts and Strogatz defined the mathematical behavior of small world 

networks as systems having two main characteristics: a high local clustering and a short 

path length, something that contradicted the studies of random networks, where systems 

with high clustering show long path lengths and fragmentation (1998). In fact, small 

world networks behave neither completely randomly nor completely regularly. 

“Specifically, neither random networks nor regular lattices seem to be an adequate 

framework within which to study ‘real-world’ complex systems” (Amaral et al. 2000, 

11149). The peculiarity of small worlds is that some nodes within the clusters (neighbors) 

connect with distant ones, providing a series of paths that in the end allow every node in 

the graph to be connected within a few steps. “It takes only a few ‘random’ links between 

people of different professions or locations to create short paths in a social network and 

make the world ‘small’” (Adamic and Adar 2005, 188).  

                                                
1 “In 2002, 60,000 individuals were able to repeat the experiment using email chains with an average of 4.1 
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One network model that shows small world behavior and that is of particular 

interest for this research is the Barabási-Albert model, an algorithm to simulate the 

growth in a network through the addition of new nodes that attach to existing ones, not 

randomly but as a function of their degree (number of connections). This model produces 

a graph with a power law degree distribution. This means that many nodes exist in the 

network that are poorly connected and few nodes that have a high degree of connectivity. 

The existence of these highly connected hubs allows the creation of short paths among 

members of the network, ending in high clustering and low average path length, as in 

small worlds (Amaral et al. 2000).  

Summing up, social groups tend to (1) organize in clusters where ties are strong, 

(2) clusters are bridged by some individuals that connect across clusters through weak 

ties and (3) sometimes those individuals, serving as intermediaries, are hubs with a 

degree2 way above the average.  

Research Question 

In order to understand the role that access to information, as proposed by Burt, 

plays in the production of art, I studied whether being connected with different sources is 

correlated to the success of an artist in South Florida. Particularly, I questioned how 

position and connectivity are meaningful in an artist’s career, specifically,  

(1) Who are the brokers of the system?  

(2) How do they compare to the most successful artists in the network?  

(3) Does their position give them any particular advantage, in other words, does being a 

broker contribute to an artist’s success?  

                                                
2 The “degree” of a node is the number of links it has to other nodes. 
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(4) How are the resources distributed?  

(5) Is there any centralization of resources and information?  

(6) How is the system organized, and what does that mean for local artists?  

To address these questions, I mapped the Miami art world network and 

highlighted those individuals holding key positions in their “neighborhood” by bridging 

subgroups (that is, I identified the brokers, using network algebra) and I compared them 

to the artists with the greatest success in the local art scene. I used two measurements for 

brokerage, betweenness and aggregate constraint and three different measurements for 

success. The first two, degree and eigenvector, are derived from the network itself, while 

the third one is an outside source of an artist’s rank acquired through a subscription to a 

company called ArtFacts. I also carried out a series of analysis at different levels and 

sizes of the network, so I could understand the general context in which the artists exist, 

as well as to minimize noise to reveal local patterns by shrinking it. After testing for 

correlation between the variables, I compared the Miami art world model to two random 

models, small world networks and preferential attachment networks, to understand the 

network’s behavior within a universal context. Finally, I interpreted the results using Paul 

DiMaggio’s Artistic Classifications System (ACS), a theoretical framework that explains 

the formation of genres and categories in cultural systems, and the constraints imposed by 

their limits. 

Art Worlds 

Before moving forward and due to the existence of multiple approaches to art 

studies, it is important to clarify the meaning of the term “art world” within the context of 

this study. Specifically, I will use the institutional definition of art world, as the entity 
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(critics, collectors, curators, etc.) that decides what objects are given the status of 

artworks (Gell 1998). In general, art objects exist in a context with particular aesthetic 

frameworks; in contemporary terms, this aesthetic framework is dictated by an art world. 

In the second half of the twentieth century, philosophers and social scientists have 

elaborated a stream of theories describing the changes in art appreciation, particularly 

after the inclusion of ordinary objects as artworks (i.e. Andy Warhol’s Brillo Boxes). 

Arthur Danto (1964) was the first to name the existence of an “art world” as a set of 

theoretical understandings that allow ordinary objects to be valued as art-forms (Mannen 

2009). From then on, the art world has been defined as an institution, structure, or 

organization that provides the necessary background for aesthetic discussion. Modern art, 

followed by contemporary art, were decisive in changing artistic production, which had 

been dominated by a long-standing academic order up to the beginning of the twentieth 

century.3 This shift in values placed the attention mostly on the ideas behind the work and 

their agency in the aesthetic discourse. 

Cross-cultural studies have helped us “see the extent to which western 

metaphysical conceptions of art and beauty reflect specific intellectual developments of 

their time and milieu and do not necessarily possess transcultural validity” (Harrington 

2004, 25). Today in Western societies, artworks function as a commodity that signals 

status, education level, economic power and taste among other things (DiMaggio 1987). 

“Danto and Dickie argue that works of art are not distinguishable by any particular 

quality of material appearance. They are distinguishable solely by the decision of a 

                                                
3 It is arguable when the shift occurred. Some considered Hegel’s “end of the art” thesis (formulated circa 
1818) as the turning point in aesthetic discourse; however, it was in the beginning of the twentieth century 
with the appearance of numerous art movements, when more notoriously, artists deviated from academic 
dictates. 
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certain social institution to confer status on them” (Harrington 2004, 23). Consequently, 

possessing and appreciating artworks is fascinating for many. As Clifford Geertz 

eloquently puts it:  

Even those among us who are neither mystics nor sentimentalists, nor 
given to outbursts of aesthetic piety, feel uneasy when we have talked very 
long about a work of art in which we think we have seen something 
valuable. The excess of what we have seen, or imagine we have, over the 
stammerings we can manage to get out concerning it is so vast that our 
words seem hollow, flatulent, or false. After art talk, “whereof one cannot 
speak, thereof one must be silent,” seems like very attractive doctrine 
(Geertz 1976, 1473).     
 

Creativity and Innovation 

Creativity and innovation are seen as inherent to art production. For many 

centuries Western art was perceived as a “mirror held up to nature,” a mimetic expression 

of reality, but even those concerned with the exact reproduction of the world, could only 

produce an interpretation of it. The unique nature of artworks became particularly 

apparent with the invention of photography. Creativity and innovation belong to every 

cultural realm; however, it holds a special niche in artistic production; “Art, after all, 

had… been thought as creative” (Danto 1964, 574).  

From a cultural perspective, creativity is an “activity that produces something new 

through the recombination and transformation of existing cultural practices or forms,” 

(Liep 2001, 2), so for anthropologists, what appears as novel is “in fact a question of 

transformation, of variation, in other words, of new combinations and constructions of 

previously present elements and relations” (Friedman 2001, 46). This is true for western 

and non-western art production and the reason that creative artifacts function differently 

in every society. Artworks are important agents in the support of social life. Therefore, 

the focus of cultural studies is on their transformative agency (Gell 1998), the mechanics 
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and intentions for their production (Becker 2008), their social acceptance and the context 

in which they occur (Friedman 2001), particularly, their variation across social groups 

and their intrinsic capacity to represent localities (White 1993).  

 The vast majority of art studies concerns the artists, their oeuvre and the 

philosophical question about the function and meaning of art in society; however, little 

emphasis has been placed on the agency that the cultural world in which the artists are 

embedded plays in their professional development. A body of theories born from the 

social sciences and led by Howard S. Becker, Pierre Bourdieu, and Niklas Luhmann 

elaborate on this aspect. Becker sees the production of art not as an individual enterprise 

but as collective action (2008); Bourdieu describes art production in terms of an 

individual’s position constrained by its relative stance to the other parts (1993); and for 

Luhmann, social systems, such as art, “do not consist of relations between people, but 

between communications” (Mannen 2009, 106). Likewise, Harrison C. White places a 

special emphasis on the interplay between cultural aspects, identity formation and art. For 

him, “artworks are tangible realizations of culture, in support of identity” (White 1993, 

7). 

Collectivities in Art Production 

In classical art studies, it was common to look at artistic success as a matter of 

personal achievement rooted in an individual’s talent rather than as a product of 

collective activity. However, it is well accepted today that, although gifted individuals 

exist, the overall creative process is a result of collective action in which multiple social 

relations participate (Becker 2008, Bourdieu 1993). Art production shapes, and is shaped 
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by, socio-cultural forces and constraints bound up in a series of competitive networks in a 

permanent tension between conventions and innovation.  

In general, an artistic innovation is determined by its acceptance within a 

“relevant population, its capacity to make sense for others” (Friedman 2001, 49). The 

artist’s success will depend on his or her ability to articulate novel ideas in a fashion that 

the system is ready to accept. As explained by Friedman, “creativity is only recognized in 

terms of its constraints. It is the latter that determines the nature of its intelligibility. The 

constraints are products of an organization of shared experience, of shared implicit 

attributions of meaning to the world” (2001, 59). Howard Becker, for instance, sees 

artistic production as conditioned by social relations operating as art conventions, access 

to materials, distribution systems, and public acceptance (2008). According to Becker, 

identifying these conditions equips the social scientist to “explain why artists produce 

particular works in particular ways at particular times and places” (Harrington 2004, 29) 

Art worlds act in accordance with their time and place, making them different in 

essence and creating patterns that give meaning and order to its actors; for instance, some 

art worlds give more importance to artists, some to artworks, and others center “around 

education or around careers sponsored by governments and other bureaucracies” (White 

1993, 1). This is meaningful because an art world produces multiple categories, in which 

the system can function and cooperate. As Harrison C. White states: “An art world 

combines artists and their works with others into a pattern that can reproduce itself, may 

become aware of itself, and does impose itself as reality upon those in it before its 

products reach out as a reality for others outside it” (1993, 9).  
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A significant effect of this mediated reality is the accumulation of cultural and 

social capital for its members, who are inevitably interlocked in a hierarchical system 

where reputation is the main value. In fact, producers depend on the distributor’s 

reputation as much as the latter depends on the former. Among the art world domains, the 

distribution channel is probably the most critical to building up an artistic name. As 

Bourdieu explains:  

For the author, the critic, the art dealer, the publisher or the theatre 
manager, the only legitimate accumulation consists in making a name for 
oneself, a known, recognized name, a capital of consecration implying a 
power to consecrate objects (with a trademark or signature) or persons 
(through publication, exhibition, etc.) and therefore to give value, and to 
appropriate the profits from this operation. (Bourdieu 1993, 75)  

 
As for the artists, Becker remarks: 

Artists produce what the distribution system can and will carry. It is not 
that nothing else can be produced. Other artists, willing to forego the 
possibilities of support and exposure characteristic of a particular art 
world, do produce other kinds of work. But the system will ordinarily not 
distribute those works, and such artists will be failures, unknowns, or the 
nuclei of new art worlds that grow up around what the more conventional 
system does not handle. (Becker 2008, 129) 

 
As a final note on distributions systems, it is important to emphasize the 

difference in status among venues. For instance, museums are the ones endowing the 

most value on artworks, thanks to their standing as connoisseurs and the structural weight 

given by their position at the top of the chain. “When a museum shows and purchases a 

work, it gives it the highest kind of institutional approval available in the contemporary 

visual arts world; no more can happen that will make that work more important or allow 

it to add more than it already has to the artist’s reputation” (Becker 2008, 117). As local 

artist Michael Vasquez states: “…what validates us is museum shows. It’s really what 
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propels an artist’s career beyond a gallery show, beyond showing a piece at an art fair. 

With museums, there’s a tangible record” (Tracy The Miami New Times, June 23, 2015). 

So far, I have emphasized how contemporary art is outlined by a well-defined 

social framework that encompasses from production to distribution to appreciation. I 

have also pointed out the added value given to art objects in Western society. Therefore, 

to investigate the factors shaping artistic success, it is imperative to look at the patterns 

that exist between the main parts of the artistic world, that is to say, between producers, 

distributors and audiences. How this interaction occurs will greatly define an artist’s 

success and the consequent value of his or her artworks. After all, “aesthetic judgments 

are only interior mental acts; art objects, on the other hand, are produced and circulated in 

the external physical and social world” (Gell 1998, 3). The art world, then, is basically a 

network of ideas circulating cultural information and social capital through artworks. 

Social Network Analysis 

 The greatest advantage of social network analysis to the social sciences lies in its 

capacity to map, model, and describe patterns of social interaction in cultural domains. 

This is because SNA studies relations instead of attributes, and networks instead of 

groups (Marin and Wellman 2011). That is why SNA is usually preoccupied with 

questions pertaining to actors’ interdependence, flow of resources, and network structure 

as facilitator or restrictor for the individuals involved in it (Wasserman and Galaskiewicz 

1994, xiii). Basically, SNA is about structure and position, which are measured, for 

example, through centrality (which actors are the stars of the network); density (the 

number of ties among the actors); cohesion (the degree to which one actor is connected to 

the others); and geodesic distance (the shortest path between two actors). 
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 Organizing relations through ties has a long tradition. Kinship systems, for 

example, are societies’ universal mechanism for recognizing and organizing affinal and 

consanguineal relatives into a systematic structure. Auguste Comte was one of the first to 

talk in sociological terms about the structural character of society (Freeman 2004, 14), 

followed by influential structural thinkers such as Emile Durkheim and Georg Simmel. 

However, the modern foundation of social network analysis started in the early ‘30s with 

the convergence of interdisciplinary work between psychologists, sociologists, and 

anthropologists. Jacob Moreno (Gestalt) introduced the sociogram; Harvard researchers 

explored the formation of cliques in the Hawthorne study; and the Manchester 

anthropologists studied the “structure of ‘community’ relations in tribal and village 

societies” (Scott 2000, 7). In the ‘50s, these ideas were complemented with graph theory 

in the work of Cartwright and Harary (1956), who defined the sociogram mathematically. 

Finally, in the ‘60s and ‘70s at Harvard, all these trends were put together to serve as a 

systematic study of complex social systems, giving birth to what is known today as social 

network analysis (Scott 2000; Freeman 2004). 

 In the last few decades, network analysis has grown considerably, both 

theoretically and methodologically, thanks to its cross-disciplinary character. As Freeman 

states, there are four features integrating this “organized paradigm for research” (2004, 

3). These are theories on structural thinking, the use of systematic empirical data, graphic 

modeling (both visually and mathematically) and implementation of computer 

algorithms. Network analysis shares commonalities with complex system studies, 

allowing for a cross-examination between physical, biological and social phenomena. 

The social sciences, in particular, have contributed to the understanding of “community 
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elite decision making,” “consensus and social influence,” “coalition formation,” and 

“social cognition” just to name a few (Freeman 2004, 4; Wasserman and Faust 1994, 6). 

Today, SNA has a well-established association (INSNA), several publications 

(Connections, Redes, Social Networks) and a very active ListServ (SOCNET). 

Basic concepts 

 SNA relies on three major mathematical paradigms: statistics and probability, 

algebraic representations, and graph theory. All three have proven to be important not 

only in setting the foundations for SNA, where small-controlled networks were originally 

the norm, but also in the analysis of large networks, where representing the population 

has posed new challenges. The complexity of social events and the acquisition of larger 

and richer data sets in today’s world forced researchers to recognize the impact of 

missing data and error in measurements. The implementation of more rigorous 

mathematical tools, such as descriptive and inferential statistics, allows the researcher to 

treat the phenomenon as a stochastic rather than a deterministic model. This shift in the 

approach to the study of social networks allows one to estimate the reliability of samples 

(rather than populations) and explains and predicts its behavior in a fashion similar to 

traditional quantitative analysis (Hanneman and Riddle 2005).  

 Algebraic representations are mainly used to study “combinations of relations (for 

example, ‘is a friend of,’ ‘goes to for advice,’ and ‘is a friend of a friend’) and have been 

used to study kinship systems and network role structures” (Wasserman and Faust 1994, 

15). Algebraic formulas are mainly applied to the data stored in matrices, both adjacency 

matrices, where rows and columns feature the same cases (square); and affiliation 

matrices (rectangular), where the rows are the cases and the columns their affiliations. 
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Matrices can show occurrences in a binary form (‘1’ when the tie exists and ‘0’ when it 

does not), or they can record affiliations and frequencies (like participation in different 

events).  

 From a graphic perspective, networks are formed by points and paths. “The 

points, as in a sociogram, represent individual persons, their goals, or their actions, while 

the paths represent the interactional or causal sequences that connect them” (Scott 2000, 

11). The presence or absence of paths is what determines the existence of groups, their 

boundaries and the mobility of information and other resources within the network. 

Therefore, the paths’ structure describes interdependencies among the members, and the 

limitations imposed by them “are the ‘forces’ that determine group behavior” (Scott 

2000, 11) (Figure 1). 

 

Figure 1. Relational graph sample 

Graphs cannot only be visually represented but also mathematically described. 

For example, if all  (n*n-1) possible ties between the set of n points are present, a graph is 

complete. Therefore, the actual number of ties in relation to the total possible connections 

defines the density of the graph. A graph of great density describes highly connected 

networks. Two points are called adjacent if there is a tie between them, and if the 

connection goes in any particular direction (i.e., email communication) then the graph is 

directed (Figure 2)  
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Figure 2. Graph properties 

Above left: complete graph, all possible connections are present; above right: graph density = 
0.44 (proportion of actual connections over the total potential connections in the network) 
(Nooy 2011); below left: P2 adjacent to P1 and P3; below right: directed graph (i.e., email 
exchange, P1 to P2). 

Continuity and directionality of ties form paths, which define the closeness and 

betweenness among the points. Both a node’s number of connections and the type of 

paths that describe those connections are the basis to measure centrality in the network. 

Centrality measures are some of the most common topological features used to explore 

the traffic flow of a network, the most significant being degree, eigenvector, 

betweenness, and closeness. This research relies heavily on the first three to define 

success and brokerage. 

Centrality Measures 

Success Measurements derived from the network 

Degree centrality of a point corresponds to the number of points that are adjacent 

(linked) to it, so degree centrality is given by the number of links incident to a node. In 
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any graph the maximum possible degree of a point k, which we will call 𝑝!, is (n-1), n 

being the total number of points in the network and (n-1) all the possible ties 𝑝! can form 

(Figure 3).  

 

Figure 3. Degree centrality  

Degree centrality highlights those individuals that are more visible in the network; 

in other words, it points to the “stars” of the network. “As the process of communication 

goes on in a social network, a person who is in a position that permits direct contact with 

many others should begin to see himself and be seen by those others as a major channel 

of information” (Freeman 1978, 220). Accordingly, points that do not have a high degree 

are seen as peripheral to the focus of action. This is the most intuitive measure of 

centrality and the one that prevailed in early network studies. The formula for degree 

centrality as defined by Nieminen is: 

𝐶! 𝑃! =    𝑎(𝑃! ,𝑃!)
!

!!!

 

where  𝐶! denotes degree centrality; 𝑃!  is the point measured; n is the number of points 

in the graph; and  “𝑎(𝑃! ,𝑃!)  = 1 if and only if 𝑃! and 𝑃! are connected by a line 0 

otherwise” (Freeman 1978, 220). Since the degree centrality of a point will depend on the 

size of the network, to obtain the relative measure that allows for comparison between 
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networks and centrality measures, we divide degree centrality by n-1. The final formula 

for degree centrality is: 

𝐶!! 𝑃! =   
𝑎(𝑃! ,𝑃!)!

!!!

𝑛 − 1  

(Freeman 1978, 220). 

Eigenvector centrality “is defined as the principal eigenvector of the adjacency 

matrix of a graph. It might be thought of as a weighted degree measure in which the 

centrality of a node is proportional to the sum of centralities of the nodes it is adjacent to” 

(Borgatti and Everett 1997, 257). This centrality measure relies on algebraic 

manipulation of the matrix, rather than on graph properties, as the other centrality 

measures. The idea, initially proposed by Bonacich in 1972, is that the centrality of a 

vertex depends on the centrality of the vertexes to which it is connected something that 

degree centrality fails to capture. In other words, it takes into account the entire pattern of 

the system and the influences exerted by the vertices (Figure 4). Eigenvector centrality 

(x) is given by the formula: 

          𝜆  𝑥! = 𝑎!"𝑥!

!

!!!

 

where 𝜆 represents the largest eigenvalue of matrix (A); n represents the total number of 

vertices; 𝑎!"=1 if a tie exists (0 otherwise) (Bonacich 2007). 



20 

 

Figure 4. Eigenvector centrality 

Eigenvector centrality captures the centrality of a node according to the centrality of the nodes 
to which it is connected (size of the nodes adjusted to represent the index). 

Brokerage Measurements 

Betweenness centrality is derived from the idea of measuring the geodesic 

distance between two individuals, that is, the shortest path between two actors who are 

nonadjacent. An individual with large betweenness in the network is one whose position 

lies on the geodesic paths between many other individuals. Fundamentally, betweenness 

highlights central actors who serve as connecting bridges between nonadjacent nodes. 

When in-between actors are the only connection between two individuals or groups, they 

are thought to have great power in the network because of the dependence of the latter on 

these individuals to communicate with the other side of the system (Figure 5). Different 

mathematical approaches have been proposed to measure betweenness, but according to 

Burt, brokerage is given by the betweenness centrality proposed by Freeman in 1977 

(2002, 209).  

Freeman makes two important assumptions: first, that if two actors have more 

than one path connecting them, communication follows the geodesic or shortest path; and 

second, that when more than one geodesic exists, “all are equally likely to be used” 

(Wasserman and Faust 1994, 190). Thus, if 𝑔!"  is the number of geodesics between two 
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actors, then the probability of using any of these paths is 1 𝑔!"; “The potential of point  

𝑝! for control of information passing between 𝑝! and 𝑝! then may be defined as the 

probability that 𝑝! falls on a randomly selected geodesic connecting 𝑝! and 𝑝!” (Freeman 

1978, 223). If 𝑔!" 𝑝!  denotes the number of shortest paths between 𝑝! and 𝑝! that pass 

through 𝑝!, then 𝑏!" 𝑝! = 𝑔!" 𝑝! 𝑔!"  is the probability that 𝑝!  is in one of the randomly 

selected shortest paths between 𝑝! and 𝑝! . The betweenness of 𝑝!  is then calculated by 

adding all these partial probabilities: 

𝐶! 𝑝! = 𝑏!! 𝑝!

!

!

!

!!

 

where 𝐶! denotes centrality betweenness, 𝑝!  is the point measured, 𝑏!" 𝑝!   represents 

the number of geodesics linking i and j that contain k, and n is the number of points in the 

graph (Freeman 1978, 223). 

 

Figure 5. Betweenness centrality 

P2 has the greatest betweenness in the graph because it lies in the geodesic of many 
connections. 

 “Whenever 𝑝!   falls on the only geodesic connecting a pair of points, 𝐶! 𝑝!  is 

increased by 1. When there are alternative geodesics, 𝐶! 𝑝!  grows in proportion to the 

frequency of occurrence of 𝑝!  among those alternatives” (Freeman 1978, 224). 
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Furthermore, the 𝐶! 𝑝!  will depend on the size of the network. As Freeman proved, “the 

maximum value taken by 𝐶! 𝑝!  is achieved only by the central point in a star” (1978, 

224):  

𝑀𝑎𝑥𝑖𝑚𝑢𝑚  𝑣𝑎𝑙𝑢𝑒  𝑜𝑓  𝐶! 𝑃!       𝑖𝑠      
𝑛! − 3𝑛 + 2

2  

Therefore, the relative centrality of any point in a graph may be expressed as a ratio, as 

follows (Freeman 1978, 224): 

𝐶!! 𝑃! =   
2𝐶!(𝑃!)

𝑛! − 3𝑛 + 2 

Since I am dealing with a two-mode network, it is important to obtain the 

betweenness centrality for the artists (who will always have events in their geodesic 

distance) and the betweenness centrality for the events (which will always have actors in 

their geodesic distance). As Faust explains, it is important to consider “the relationship 

between the betweenness centrality of an actor and the betweenness centrality of the 

events with which it is affiliated, and the relationship between the betweenness centrality 

of an event and the betweenness of its members” (1997, 175). The adaptation of 

Freeman’s formula for betweenness centrality for a two-mode network is as follows: 

𝐶! 𝑚! =
1
2     

1
𝑥!"!!!,!!∈!!

 

Where 𝑛! ,𝑛! represent two members of a given event, 𝑚! represents the event and 𝑥!"! 

represents shared memberships in the total of events. Actors’ betweenness can be 

calculated in a similar fashion (Faust 1997, 175).  

There is an important discussion about centrality measures by Borgatti in his 

paper “Centrality and Network Flow” (2005). He “lays out a typology of network flows 
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based on two dimensions of variation, namely the kinds of trajectories that traffic may 

follow (geodesic, paths, trails, or walks) and the method of spread (broadcast, serial 

replication, or transfer)” (2005, 55). He points to the limitations that Freeman’s 

betweenness centrality poses for the study of information flow because it is based on the 

assumption that the information moves only through the shortest path between two 

entities; and because Freeman’s approach treats the transference as an indivisible object 

rather than something that can be dispersed and changed along the path. Other options 

take these characteristics into account, as is the case of aggregate constraint, which seems 

more appropriate for the study of brokerage in studies about information flow. 

Aggregate constraint is a summary index that measures the relative “constraint” 

of a node within his or her contacts. Figure 6 features a simple network with the 

corresponding aggregate constraint indexes. In this particular case, P3 has the least 

constraint index because he is connected to both components in the graph, giving him the 

opportunity to broker between them. Meanwhile, P1 and P2 are the most constrained 

because they depend on P3 to gain or transfer information to the other side of the 

network; furthermore, in the case that one of them lost connection with P3, she would 

only have one connection left to serve as intermediary.  

In a way, aggregate constraint is an index of a node’s connections diversity. This 

means that the less connected the friends of a node are, the greater the opportunities this 

individual has to mediate, exploit or cooperate among those relations. It is important to 

note that this measurement is not directly associated with degree, since, first, an artist can 

have many exhibitions (high degree), yet not form many connections (particularly the 

most eminent ones that hold solo exhibitions); and, second, because an artist can have 
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many connections but in a very dense clique or cluster where his or her opportunities to 

“broker” are limited. The expectation is to find that in the artists-by-events network those 

artists with low constraint indexes perform better and have greater success. 

 

Figure 6. Aggregate constraint 

P3 is the least constrained because of the variety in its connections. P1 and P2, on the other 
hand, are the most constrained due to their dependency on P3 and their few links. 

Network Models 

Small World Model 

A small world is defined by its high clustering coefficient and its short average 

path length. Clustering coefficient “measures the cliquishness of a typical neighborhood 

(a local property)” meanwhile, average path length “measures the typical separation 

between two vertices in the graph (a global property)” (Watts and Strogatz 1998, 440). 

Watts and Strogatz noticed that most of the studies made on networks assumed that 

systems behave either completely regular or completely random, when many, particularly 

social and biological systems, behave somewhere in between. They, then, created a 

model rewiring the form in which nodes connect by setting the probability of forming 

links at around P= 0.5 (being P=0 completely regular and P=1 completely random). The 

result was a network that showed high local clustering (as regular networks) but with 
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short path length (as random graphs), a behavior that resembles the small world 

phenomenon.  

Therefore, the small world nature of the network can be inspected by comparing 

its clustering coefficient and average path length to those of a Watts-Strogatz model 

(1998), or by obtaining the small world quotient (Q), which is a ratio between the actual 

network’s measurements and the equivalents of the random model.  

If CC is clustering coefficient and PL is average path length then, 

𝑄 =
𝐶𝐶  𝑎𝑐𝑡𝑢𝑎𝑙  𝑛𝑒𝑡𝑤𝑜𝑟𝑘 𝐶𝐶  𝑟𝑎𝑛𝑑𝑜𝑚  𝑛𝑒𝑡𝑤𝑜𝑟𝑘
𝑃𝐿  𝑎𝑐𝑡𝑢𝑎𝑙  𝑛𝑒𝑡𝑤𝑜𝑟𝑘 𝑃𝐿  𝑟𝑎𝑛𝑑𝑜𝑚  𝑛𝑒𝑡𝑤𝑜𝑟𝑘

 

And, “The closer the PL ratio…is to 1.0 and the more the CC ratio exceeds 1.0…or 

simply the larger the small network quotient (Q)…the greater the network’s small world 

nature” (Uzzi and Spiro 2005, 453).  

The Barabási-Albert Model 

The Watts and Strogatz small world model differs substantially with many 

observed social networks in that the former’s degree frequency distribution “is not as 

skewed” (Nooy et al. 2011). The degree distribution of some social networks, particularly 

those that measure success, is better explained by the scale free model proposed by Réka 

Albert and Albert-László Barabási (2002). They departed from two basic ideas inherent 

to social networks that random models failed to reflect: first, that real networks do not 

have a fixed number of nodes but grow over time by adding new nodes to existing ones; 

and second, that the probability that a link between nodes forms depends on its degree. 

“These two ingredients, growth and preferential attachment, inspired the introduction of 

the Barabási-Albert model, which led for the first time to a network with a power-law 
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degree distribution” (Albert and Barabasi 2002, 71). The algorithm that produces the 

model is defined by the formula:  

𝑃(𝑘!) =
𝑘!
𝑘!!

 

where the probability (𝑃) that a new vertex connects with an existing one (i), depends on 

its degree (𝑘!) (Albert and Barabasi 2002, 71). The degree distribution of this model 

behaves as a power law with an exponent 𝛼 = 3.  

If 𝑎 is a constant and c represents average degree, then 𝛼 is defined by (Nooy et 

al. 2011, 351): 

𝛼 = 2+
𝑎
𝑐  

They demonstrated that networks presenting preferential attachment can also 

show small world properties because they “have clustering coefficients much larger than 

random networks” (Amaral et al. 2000, 11149), and they have shorter path distance. 

However, they differ from the small world model in that the short paths are created not 

by distant individuals that connect, but by highly connected individuals that put others 

within a short distance (Schnettler 2009).  

Cultural Networks 

 Theoretical and mathematical models can be applied to the study of cultural 

systems; for instance, in the study of cultural networks, there are two main approaches: 

relational and positional. The former studies cohesion and relations among the entities of 

the group, mainly through measurements of centrality and density to understand the 

formation of either “strong, dense, and relatively isolated social networks...and of strong 

collective identities” (Emirbayer and Goodwin 1994, 1419). Positional studies focus on 
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structural equivalents to compare individuals who share parallel positions in the network. 

“This strategy makes sense of certain behaviors and processes in terms of the pattern of 

relations that defines an actor’s position relative to all other actors in the social system” 

(Emirbayer and Goodwin 1994, 1422).  

The first clear implementation of mathematical methods to the study of social 

position was developed by Harrison C. White, who suggested studying structurally 

equivalent individuals through a blockmodeling technique. The main principle of this 

approach is to sort the information into discrete subsets defined by classes or positions 

and their relations (Wasserman and Faust 1994, 394). Positional approaches are less 

concerned with actual social ties (cliques) and more interested in connections inferred 

through third actors and the influence that they exert on the structure. For example, 

Padgett and Ansell’s positional research study, “Robust Action and the Rise of the 

Medici, 1400-1434” studied the “centralization of political parties and elite networks that 

underlay the birth of the Renaissance state in Florence” (Padgett and Ansell 1993, 1259).  

With a blockmodeling approach to data of marital, economic and political alliances 

among 92 families, they found that the strategic position of the Medici family in a 

disjunct network allowed them to exert greater political control (Padgett and Ansell 

1993).  

On the other hand, an example of a relational study is the work done by Naomi 

Rosenthal and her colleagues in 1985, on the examination of 202 influential “women 

reformers in state reform activity” taking place in New York between 1840 and 1914. 

They studied the women’s affiliations and noticed the existence of multiple associations, 

the clustering of most of the action around three centers and the migration of the 
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members between the groups (Emirbayer and Goodwin 1994, 1419). Both relational and 

positional perspectives are equally valuable, complementary and relevant to this study. 

Artistic Networks 

There were several studies carried out on artistic collaboration before the 

implementation of SNA. Some of these are: White’s Canvasses and Careers, originally 

published in 1965; Bourdieu’s Photography: A Middle-Brow Art, first published in 1965; 

and Becker’s book Art Worlds first published in 1982. Nonetheless, the first one to apply 

SNA to the study of cultural production was Kadushin, in his book The American 

Intellectual Elite originally published in 1974 (DiMaggio 2011). He found that in 

productive environments there are certain common characteristics, such as, “circularity..., 

dense cores and sparse peripheries..., chronic resource uncertainty and ambiguity of 

prestige, both leading to active exchange of information and evaluations” (DiMaggio 

2011, 287). 

 Other studies on cultural production applying SNA include De Nooy’s study of 40 

Dutch writers and critics (2003). He noticed that social origins influenced the formation 

of literary genres that mirror “author identities, which in turn influence social and 

aesthetic hierarchies. De Nooy’s approach is novel in that he uses balance theory and 

triad censuses to understand microstructures that generate hierarchy” (DiMaggio 2011, 

288).  

Another significant study in the artistic area, which is relevant to my research in 

many ways, is “Sandpiles of Opportunities: Success in the Art World” carried out by 

Katherine Giuffre. She studied status among New York photographers through their 

gallery representations and genre classifications between 1981 and 1992 (1999). Her 
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findings in some ways resemble those obtained by Burt in the corporative environment. 

Giuffre found that successful photographers stand in the network between clusters of 

defined styles. They hold “structural and aesthetic ambiguity” and usually serve as 

bridges between genres making it very difficult to define their styles (DiMaggio 2011, 

288). For her study, she used two-mode data (photographers and galleries) that was 

further analyzed through blockmodeling and optimal-matching sequence techniques. 

Giuffre’s conclusion is similar to that of Boari and Corrado’s study “Network and 

egocentric uncertainty: relationships among art galleries in the contemporary art system.” 

They found that “endemic uncertainty” forces contemporary artists to form bridges 

among groups, giving as a result a “system with marked small-world properties” 

(DiMaggio 2011, 289).  

Affiliation and Co-Affiliation in Cultural Networks 

 Given the nature of this research and considering the type of data collected, it is 

important to clarify one more concept within SNA. Network systems work in a series of 

aggregates that can connect micro to macro phenomena or vice versa. Its methodology 

allows us to understand not only the patterns underlying the connections among 

individuals (as in friendship networks) but also the patterns underlying individuals and 

their affiliations (such as memberships in social clubs or corporate boards). 

 Individuals come together (or, metaphorically, “intersect” one another) 
within groups, which are collectivities based on the shared interests, 
personal affinities, or ascribed status of members who participate regularly 
in collective activities. At the same time, the particular patterning of an 
individual's affiliations (or the “intersection” of groups within the person) 
defines his points of reference and (at least partially) determines his 
individuality. (Breiger 1974, 181)  

 Basically, affiliation networks are the representation of actors and their 

participation in events, (a “collection of actors”). They vary from the most traditional 
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approach employed in SNA (the sociogram) in several ways: first, because the ties are 

between two different entities (actors and events), rather than between individuals; these 

are called two-mode networks, represented by two different types of nodes. Second, 

because the connections in these networks exist between the two types of nodes but not 

within them. This means the connection is between an actor and an event, but not 

between actors or between events. And finally, because affiliation networks represent the 

interests reflected in collectives (actors participating in an event or events been attended 

by the same actors) rather than the interests of individuals (actors answering a survey). 

The data, in these cases, are represented in a person-by-event (rectangular) matrix, where 

the intersections between rows and columns show whether the individual attended the 

event (1) or not (0) (Breiger 1974). 

 An important feature of affiliation data is the “duality of perspectives in the 

relation between actors and events,” meaning that participation in the same event links 

the individuals attending it, and at the same time, events are linked by the participation of 

actors in common (Faust 2005, 119). This assumption allows us to transform the original 

data into a co-affiliation matrix. The new adjacency matrix can portray two types of 

relations: person-by-person, where the intersections between rows and columns record 

the number of events which both individuals attended; or event-by-event, where the 

intersections between rows and columns record the number of people attending both 

events. These networks are symmetric, meaning that if a is connected to b, then b is 

considered to be connected to a. Co-affiliations make evident common “interests and 

beliefs. Thus, co-affiliation can be viewed as an observable manifestation of a social 

relation that is perhaps unobservable directly” (Borgatti and Halguin 2011, 421). Using 
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affiliations and co-affiliations networks proves to be particularly helpful in the study of 

phenomena that are otherwise difficult to measure. For example, in 2006, Kirschbaum 

and Vasconcelos “use musician/recording affiliation matrices from 1930 to 1969 to trace 

the emergence of Swing, Bop, and other genres.” They found that new styles formed first 

on the periphery of the network and moved to the core once they were well accepted 

(DiMaggio 2011, 290).  

 Creating an event-based network is justified by the assumption that participation 

in the same events puts actors at risk of sharing social ties. The more events two 

individuals attend, the greater the possibility that they interact. “Perhaps the best-known 

relationship between spatial and network characteristics is that people who are located 

closer together in physical space have a higher probability of forming relationships” 

(Adams et al. 2012, 1). There is also the assumption that events congregate people who 

somehow share certain interests or beliefs; therefore, face-to-face interaction is not a 

requirement for these networks. In the creation of an event-based network, it is important 

to consider the nature of the ties and the size and characteristics of the events (Borgatti 

and Halgin 2011).  

 Affiliation by events has a long tradition in anthropology. In 1942 for example, 

anthropologists collected data on “stratification in Natchez, Mississippi” by looking at the 

attendance of 18 women at different events over a period of nine months. The data 

collected, known as the Southern Women Data Set or the DGG study for (Davis, 

Gardner, and Gardner), has become a source for scholars to test new analytical 

paradigms. In fact, Linton C. Freeman, in his essay “Finding Social Groups: A Meta-
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Analysis of the Southern Women Data,” compares 21 different quantitative and 

qualitative studies that use it (2003, 40). 
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METHODS AND MATERIALS

Research Boundaries 

To define the boundaries of the network, (1) I used the definition of “art world,” 

as a theoretical framework to select a purposive sample of twelve institutions; (2) I 

focused on the visual artists (painters and sculptors) who have exhibited their work in the 

last ten years in the selected institutions; and (3) I further complemented the network with 

attribute information on artists and institutions.  

 In contemporary terms, being an artist, i.e., creating works of art, does not make 

an individual automatically part of the art world. For artists to belong to the art world, 

they must somehow pass from the production to the distribution stage, meaning that their 

artwork and aesthetic statements must be exhibited in serious venues and appreciated by 

an audience well versed in the artistic dialogue. As White explains: “artworks emerge 

today from a dialogue between the artist and some art world that stands as agent for most 

of us” (1993, 9). Therefore, I will focus on the distribution level only, assuming that this 

is the convergence of the art world’s endorsed aesthetic statements with the public.  

The event-based sample comes from non-profit organizations, major patrons of 

art in Miami, and artist-run experimental spaces that are key to bringing arts to the 

general public. They are pivotal in the local artistic discourse by being an active part of 

the process that defines the Miami art scene from its production to its distribution; by 

facilitating proper spaces where socio-cultural transactions can occur; and by allowing 

artists to participate in formal events that work as social gatherings where they have the 



34 

opportunity to expose their ideas to the public and exchange information with other 

artists. Despite their importance in the Miami art scene, I decided not to include galleries 

for several reasons, first, because of their quantity (near four hundred in the Miami area), 

which would have created a project too large to carry out with the available resources; 

second, because of the impossibility to represent the population in a small sample (three 

to five galleries as the ones included for other sectors), given the great variety of styles 

and categories among them; and third, because in general terms, their focus is economic 

gain rather than the diffusion of cultural information; the latter is the main interest of this 

study.  

The venues selected include five museums mainly dedicated to the exhibition of 

contemporary art, four museum-style family collections open to the public in what is now 

called the ‘Miami model,’ and three artist-run spaces functioning as experimental spaces 

for emerging and well-established artists. It is important to notice that some important 

venues such as the Lowe Museum of Art and the Frost Museum are not in the research 

because, despite the fact that they exhibit contemporary art, the majority of their 

exhibitions span a broader time frame. Also, I want to acknowledge the existence of 

many artist-run spaces that were not included, but that are vibrant and essential for the 

artistic community. The sample chosen is a collection of some of the most prominent 

institutions in Miami, which I expect to be good representatives of the interaction going 

on between artists, curators, patrons and the general public. 

The Museums 

 (1) The Perez Art Museum (PAMM), formerly known as the Miami Art 

Museum, was relocated in 2013 to its now impressive 200,000 square-foot location. 
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PAMM is one of the most important museums in South Florida and a leading institution 

in visual art education. It is currently under the direction of Franklin Sirmans, appointed 

in September 2015, and its chief curator is Rene Morales. (2) The Bass Museum of Art 

was founded in 1963, making it one of the oldest and most prestigious museums in the 

area. Since 2008, the museum has been led by Executive Director and Chief Curator 

Silvia Karman Cubiña. (3) The Museum of Contemporary Art North Miami (MoCA) 

started as a gallery in 1981 and was later expanded into a collecting museum in 1996. 

Until 2013, it was led by curator Bonnie Clearwater. In 2014, the board of trustees and 

the city of North Miami decided to split and through legal action the collection was 

divided. Today the institution is under the direction of Babacar M’Bow. (4) The Institute 

of Contemporary Art (ICA) is the result of the rupture mentioned above. It was 

established in 2014 under the direction of Ellen Salpeter. Many of its staff belonged to 

the MoCA museum, including chief curator Alex Gartenfeld.  (5) The Art and Culture 

Center of Hollywood is a non-profit institution that does not run exactly as a museum but 

as an education center. However, it hosts exhibitions of local and international artists 

throughout the year. Its involvement with the local art scene has positioned it as an 

important platform for the emerging local artists. The Executive Director is Joy A. 

Satterlee and the leading curator is Jane Hart. 

The Private Collections 

 (6) The Rubell Family Collection was established in 1964 in New York by 

Donald and Mera Rubell. In 1994, they moved the collection to Miami to a warehouse in 

the Wynwood area long before this sector became what is today known as Miami’s 

Wynwood Arts District.  Since then, they have been at the forefront of the establishment 
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of a model where private collections work and present art as public museums do. (7) The 

De La Cruz Collection belongs to Carlos and Rosa de la Cruz. Initially, their collection 

was available to the public in their home by appointment only, but in 2009, they 

inaugurated a three-story 30,000 square foot art space in the design district that is not 

only privately supported but also entirely dedicated to art exhibitions and education. (8) 

The Cisneros Fontanals Art Foundation (Cifo) is also a non-profit organization initiated 

in 2002 by Ella Fontanals-Cisneros and family. The Cifo art space located in North 

Miami Beach is mainly devoted to the exhibition and promotion of Latin American and 

other international artists at various stages of their careers. They also offer grants and 

commissions for emerging artists and showcase artworks not only from their collection 

but also from guest artists alike. (9) The Margulies Collection at the Warehouse is hosted 

in a 45,000 square foot facility in Miami’s Wynwood Arts District since 1999. As in the 

case of other private collectors, Martin Z. Margulies started exhibiting his art collection 

at his private place on Grove Island. Today, besides the annual public exhibition that 

opens every October under the direction of curator Katherine Hinds, the institution 

promotes educational programs and supports the Lotus House, a non-profit organization 

for homeless women and children.  

The Artist-Run Spaces 

 (10) Locust Projects is an initiative started in 1998 by local artists Elizabeth 

Withstandley, Western Charles, and COOPER. Their objective was to create a space for 

artistic experimentation that moved away from the conventions that characterize 

traditional art exhibition. The non-profit institution has gained recognition in the art scene 

thanks to its site-specific exhibitions produced by local and international guest artists.  
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(11) Dimensions Variable was initiated in 2009 by Miami-based artists Frances Trombly 

and Leyden Rodriguez-Casanova. It provides a space for emerging contemporary artists 

to exhibit their work. The institution is financed with the support of other institutions 

such as Cannoball, the Andy Warhol Foundation and other contributors.  (12) 6th Street 

Container is a gallery style artist-run space founded by artists Adalberto Delgado and 

Maria Amores. Its primary goal is to showcase artists that do not belong to the 

mainstream because they are either emerging or being forgotten by more traditional art 

scenarios.  

Data Collection and Attributes 

Events and Artists 

With the venues defined I collected the information on the exhibitions held at 

each place from January of 2005 to September of 2015 by recording the exhibition name, 

date range and participating artist (if it ran as a solo show) or artists (if it was a group 

exhibition). The data come from electronic and archival sources that I collected first, by 

accessing the institutions’ web pages, online art magazines and publications, and second, 

by gathering information at the Vasari Project thanks to the collaboration of its archivist 

Bill Iverson and director Oscar A. Fuentes. 

I found a total of 481 exhibitions, showcasing 2036 artists, of which 366 were 

Miami-based. It is important to note that many of the exhibitions, particularly in 

museums where the space is divided into smaller galleries presenting solo exhibitions, are 

listed individually but actually overlapped in time and space. The solution to the problem 

of having disconnected exhibitions in the network was to group them in events whenever 

they coexisted. However, because on occasions the overlapping stretched for over a year, 
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I used the presence of a Miami artist as the dividing point for the events. Therefore, every 

time a Miami-based artist exhibited in a place, I assumed that this person had access to 

the information contained in all artworks displayed at the time and to any possible 

interaction that could occur between artists, curators, and art patrons. The total number of 

events after grouping the exhibitions was 335. Of those, 200 included at least one Miami-

based artist. After grouping and coding the events, I created a network data set 

showcasing the interaction between artists and institutions. The relational content of the 

data serves as an indicator of the organizing patterns underlying transaction relationships 

and communication activity and their ability to function as conduits for the distribution of 

information, opportunities and prestige.  

Attributes and ArtFacts 

One way to gain more insight about the factors shaping the network is by adding 

attribute data. This information helps in the understanding of micro patterns such as, the 

impact that place of residence, age, or time in the field can have on an artist’s career. It 

also helps to divide the network into categories that facilitate its analysis, as for example 

to devise positional equivalents or clique formation around particular attributes such as 

style, spatial proximity or mentor-student relationships. Therefore, attributes help to 

contextualize the behavior of the network.  In this particular case, I supplemented the 

artists’ information with their (1) place of residence, (2) age, (3) time in the profession, 

(4) gender, and (5) education. The institutions were complemented with (1) categories 

(museum, private collection, artist-run space); (2) time open to the public; and (3) main 

curator(s).  
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One of the artists’ attributes not mentioned above but pivotal to this research 

deserves further explanation. In order to define success from a source other than the 

network itself, I introduced a rank created by a private agency based in London and 

Berlin. The company, called ArtFacts.Net, collects information around the globe about 

artists, institutions, exhibitions, and art sales. Its artist ranking (1 being the most 

successful) is based mainly on the artists’ biographies composed of their exhibitions, 

awards and other professional achievements. The algorithm that defines the artist’s 

position is designed to weight each event according to the prestige that it brings to the 

artist by its significance in the art world and the reputation of other artists associated with 

it. Through its website, the company claims to be “the largest of its kind” and of having a 

data set comprised of 190 participating countries, 29,323 exhibitors, 609,527 exhibitions, 

454,542 artists biographies and over 100,000 ranked artists. 

Software Programs and Tools 

 For the analysis of the network, I used: Pajek (Batagelj and Mrvar 2002), 

Network Workbench (Team 2006), Ucinet (Borgatti et al. 2002), and R (tnet) (Opsahl 

2009). For the collection and processing of the data, I used Microsoft (Excel and Word), 

and Mendeley. For the statistical tests, I used the software package PAST (Hammer 

2001). And finally, for archival research at the Vasari Project, I used a hand held scanner, 

which allowed me to collect a great amount of material every time I visited.
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NETWORK STRUCTURE

Topology 

The information in this chapter corresponds to the results embedded in the two 

mathematical principles mentioned before, matrices and graphs. For instance, since two-

mode network analysis entails certain restrictions in the application of many of the 

mathematical concepts delineated for standard single mode networks, it is inevitable to 

work with the projections or co-affiliations derived from its initial matrix (artists-by-

events). Therefore, the reader will find two approaches in the analysis: those obtained 

from the two-mode network directly and the ones derived from the row or column 

projections.  

I favored the analysis of the original two-mode network whenever appropriate 

because using the original data ensures that there is no loss of information4 (Everett and 

Borgatti 2013), or distortion in the number of edges5 (Uzzi and Spiro 2005, 450). I will 

refer to these data as the “two-mode network,” “affiliation matrix” or “bipartite graph.” 

When the mathematics required it, I appealed to the corresponding adjacency matrix of 

rows-by rows and columns-by-columns derived from the original network. In doing so, I 

kept in mind all the caveats already mentioned, as well as any possible misinterpretations 

of the underlying meaning of the results (Borgatti and Halguin 2011) (Figure 7). 

                                                
4 For example, one can obtain a valued one-mode network from a two-mode network that records the times 
that two artists co-exhibited but not in what particular events they participated together. To know the 
events, it is necessary to look at the original data. 
5 The row projection will produce full cliques per event because each participating artist will be linked to 
each other. 
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Figure 7. Network projections 

Above: two-mode network sample; below left to right: columns projection (events-by-events) 
and rows projection (artists-by-artists) respectively. The width of the lines represents the 
number of connections between the vertices (i.e. Artist 10 and Artist 4 co-attend 3 events). 

From a theoretical standpoint, I followed multiple levels of analysis: (1) I studied 

the whole network; this included all artists, local and non-local (guests), exhibiting in the 

selected venues during the ten-year period of the study (All-Artists network); (2) I looked 

at the totality of the Miami artists and their corresponding ego networks; this means 

guests and local artists that co-exhibit (MiaEgo network); (3) I looked at the network 
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composed by Miami artists exclusively (MiaOnly network); (4) I studied some networks 

of particular actors (ego-networks). In other words, I went from the macro to the micro 

level, which allowed me to understand the position of the artists within a broader context, 

as well as the patterns driving local movement and organization, and some individual 

characteristics embedded in strategically situated nodes. Table 1 summarizes the possible 

combinations of these approaches and the size of the corresponding networks. 

Table 1. Original network, projections and levels of analysis 

 All-Artists MiaEgo MiaOnly Ego Network 

Two-Mode (n*m) 2036*335 1465*198 366*198 n/a 

One-Mode Row Projection (n) 2036 1465 366 n/a 

One-Mode Column Projection (m) 335 198 198 n/a 
Note: n (number of artists); m (number of events). 

The primary binary affiliation matrix of artists-by-events has 2036 nodes in the 

first mode (artists) and 335 nodes in the second mode (events), with a total of 3029 ties 

between them. When visualizing the network, we note the presence of a giant component, 

characteristic of social networks (Uzzi and Spiro 2005, 466), and smaller components 

made up of individual or isolated events that had little or no interaction with the main 

feature (Figure 8). In fact, of the 2036 artists in the study, 1936 belong to the central 

component. The rest are divided among 66 weakly connected components and 43 

isolates. There is an average path distance of 2.7 with a diameter (greatest distant 

between two nodes) of 6 and a density of 0.0054 (sparse network). 
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Figure 8. Two-mode network All-Artists-by-events giant component 

Primary network of artists (red) by events (black) with a total of 2371 vertices. 

From this network, I obtained the network of all the Miami artists and their 

connections, meaning that guest artists that do not exhibit with at least a local artist are 

excluded (i.e.. institutions make exhibitions on Latin American or Russian art 

exclusively). Based on the premise that artists need to participate in the events to gain 

access to the resources (information, connections, prestige) that are being distributed, the 

MiaEgo network is the main focus of analysis and the one I considered for all the 

measurements on brokerage and success. This sub-network has a total of 1465 artists and 

198 events; the total number of ties is of 2604, with a density of 0.0088 (Figure 9 and 

Figure 10).  
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Figure 9. MiaEgo two-mode network 

This is a two-mode network of Miami artists and non-local artists that have co-exhibited. Red 
dots represent artists, black dotes events. 

 

Figure 10. MiaEgo one mode network 

Note that this is a single-mode network of Miami artists and their connections. Red dots 
represent Miami artists, grey dots non-local artists. 
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Finally, the Miami artists network takes into consideration only local artists and 

the connections between them. This network is fundamental for the analysis of micro 

patterns; particularly, it helps to visualize information that in a bigger network can be 

obscured by its size and complexity. The network has 366 artists and 198 events. There 

are a total of 847 ties between them and a density of 0.011(Figure 11). 

 

Figure 11. MiaOnly two-mode network  

This is a two-mode network of Miami artists exclusively. Red dots represent Miami artists, 
black dots represent events. 

Core-periphery 

The first indication of the existence of a core-periphery structure appeared in the 

visualization of the main network, where we can see a concentration of events pulled 

together by overlapping artists (Figure 8). I defined the boundaries between the core and 

the periphery by finding the authorities among the institutions, through the calculation of 

the eigenvector centrality. As mentioned before, this measurement takes into account not 
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only the quantity but also the quality of the connections. What this means is that it 

considers not only the node’s degree but also the degree of those linked to them, so a 

node is better connected if it is tied to nodes that are well-connected as well.  

For the institutions, it means that the eigenvector measures not only how many artists 

are linked to the institutions but how much those artists are connected to other institutions 

as well. I rely on the assumption that institutions are competing to present the best art 

available; therefore the more artists overlap, the greatest their prestige and the prestige of 

the institution presenting their work. The resulting matrix projected in a gradient of grays 

shows the amount of overlapping between institutions. The darkest the shadow, the 

greatest the number of artists shared (Figure 12).  

 

Figure 12. Core-periphery matrix 

Four institutions lead the major flow of artworks that reach the public: Perez Art 

Museum, MoCA, The De la Cruz Collection and the Rubell Family Collection. The other 

institutions seemed to be organized in two other levels: an inner-periphery, formed by 

Bass Museum, Locust Project, Art and Culture Center, the Margulies Collection, and the 
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Cisneros Fontanals Foundation; and an outer-periphery formed by Sixth Street Container, 

the Institute of Contemporary Art, and Dimensions Variable (Figure 13).  

	  

Figure 13. Institutions eigenvector centrality 

The width of the edges represents the number of artists that have exhibited in both institutions 
(overlapping). 

Success 

I used three measurements to determine an artist’s success: (1) degree centrality, 

based on the idea that important nodes have many links, (2) eigenvector centrality, which 

is a variation of degree centrality, and (3) the ArtFact rank, an outside source mentioned 

previously. The first two are structural measurements of success within the network; the 

last one is a social measurement of the artists’ achievements. 

 Let us recall that the totality of exhibitions in which an artist participates 

corresponds to the artist’s degree6. When averaged, the first mode has a degree of 1.8, 15 

being the highest degree for a guest artist and 14 for a local artist.  

                                                
6 If we name the matrix X, an artist j and an event i, then Xij = 1 if the artist exhibited in that particular 
event, and Xij = 0 otherwise. 
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Figure 14 shows the frequency distribution and log-log plot of the artists’ degree 

for All-artists network, which proved to be positively skewed by the existence of few 

artists with a high participation rate, in contrast to many artists with a small number of 

exhibitions. The result suggests that degree increases with scale free properties.  

  

Figure 14. All-Artists’ degree frequency distribution  

Left: degree frequency distribution of All-artists network (first mode); right: log-log plot, line 
trend, and equation.  

MiaEgo network behaves similarly. The average degree of the sub-network is 

1.77, with a maximum of 14. The visualization of its degree distribution and log-log plot 

of the frequencies is presented in Figure 15. Here, too, the degree distribution presents a 

power-law behavior. 

When we look at the subgroup of local artists, the result is comparable. Out of 

366 Miami artists, 254 have exhibited only once or twice, a group of around sixty artists 

has exhibited more than four times, and only six artists have exhibited between ten to 

fourteen times in the last decade. However, proving its power law behavior seems 

inappropriate due to the few number of cases in the right tail (Figure 16). 
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Figure 15. MiamiEgo artists' degree frequency distribution 

Left: degree frequency distribution of MiaEgo network (first mode); right: log-log plot, line 
trend, and equation. 

 

Figure 16. MiaEgo artists’ degree frequency distribution 

The degree distribution is meaningful because it shows the agency of local venues 

in the distribution of the artists’ opportunities. The more exhibitions an artist has the most 

likely he or she will be selected to participate in new exhibitions. As Becker explains, 

distribution systems are responsible for the artwork that reaches the audience, mediating 

the dialogue and mutual influence. The distribution system defines the type of artworks 

0 

50 

100 

150 

200 

250 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Fr
eq

ue
nc

y 

Degree (exhibitions) 

MiaOnly Artists' Degree Distribution 



50 

that it “can handle because, for the most part, work that doesn’t fit doesn’t get 

distributed” (2008, 94).  

Degree centrality is an important measurement of the artists’ exposure and, as we 

will see, bears certain correlation with success. For the artists’ reputation, however, more 

meaningful than the number of exhibitions is with whom those exhibitions are held. In 

network terms, having many connections makes a node central in the distribution of 

information, but being connected to others who at the same time are central is even more 

significant. As stated before, this influence among nodes can be structurally calculated 

through the eigenvector centrality (Figure 17). Consequently, as with the degree 

distribution, this one too, suggests scale free behavior. 

  

Figure 17. Miami artists and their connections’ eigenvector frequency distribution  

Left: MiaEgo’s eigenvector frequency distribution; right: log-log plot of frequency distribution. 

Finally, the ArtFacts rank, as mentioned before, is a rank that does not depend on 

the construction or biases of the network because it is calculated by a third party. Of the 

366 local artists, 191 have an ArtFacts rank; the group of 175 artists that is not listed in 

the website is composed mainly of those with one or two exhibitions in the ten-year 

period, which are artists who are mostly ephemeral to the network (for more information 

refer to the appendix). Due to the missing data, it is not possible to infer the functional 
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form of the ArtFacts distribution for the whole network, although common sense suggests 

we are seeing its right tail. Qualitatively, the distribution based on the partial data (Figure 

18) does not resemble a power law. 

The frequency distribution of these data shows two important groups of artists: an 

elite of artist ranking between one (Andy Warhol) and 10,000, and a group of artists in 

transition that rank between 10,000 and 20,000; in the latter, there is a numerous group of 

artists that are emerging in their careers.7  

 

Figure 18. Miami artists' ArtFacts rank frequency distribution 

Brokerage 

I used two measurements to determine brokerage in the network: betweenness and 

aggregate constraint. Betweenness, as explained before, is an index of the number of 

times that a certain node falls on the shortest path between any other pair of nodes. In a 

simple example, this means that if Mark exhibits with Tom in event E1, and Mark also 

exhibits with Carla in Event E2, then Mark has high betweenness because he is in the 

path between Tom and Carla. In the artists-by-events network, I am assuming, based on 

                                                
7 ArtFacts includes the artist’s line trend, so it is possible to see if the trajectory of his or her career is 
increasing. 
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the empirical and theoretical knowledge produced by SNA, that those with the highest 

betweenness function as mediators in the transmission of the network values 

(information, prestige, opportunities and so on). Likewise, aggregate constraint highlights 

those individuals that have more variety among their connections, making them key 

players in the information flow (for more information refer to Figure 6). 

Figure 19 shows the frequency distribution of betweenness. As in degree, 

betweenness distribution is skewed to the right, meaning that the number of individuals 

that can act as intermediaries is very reduced. The histogram and log-log plot suggest a 

power law distribution. Aggregate constraint behaves differently (Figure 20). First, it is 

important to notice that the aggregate constraint index is the inverse of betweenness, 

meaning that while it is good to have a high index for the latter, it is good to have a low 

index for the former. If constraint behaved like the other indexes we have seen so far, we 

would expect to see a graph skewed to the left, yet there is a considerable amount of 

individuals in the far left end of the graph. This is a consequence of the low density of the 

graph, and a reflection of the existence of short path lengths among its members. 

  

Figure 19. MiaEgo betweenness frequency distribution 

Left: MiaEgo artists’ betweenness frequency distribution; right: log-log plot of betweenness 
frequency 
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Figure 20. MiaEgo aggregate constraint frequency distribution 

Brokerage and Success Correlation 

I performed two tests to assess the correlation between brokerage and success: 

Spearman’s correlation and Kendall’s tau. Both tests are appropriate when dealing with 

sets of ranks, and they both yielded similar results (Spearman’s correlation with a slightly 

stronger correlation than Kendall’s tau). However, it is safer to accept Kendall’s tau test 

statistics as the correlation result because the relation between the compared variables is 

neither linear nor monotonic, an assumption that needs to be met for the Spearman test 

(Madrigal 2012). The test statistics and p-values resulting from the comparison are 

summarized in Table 2. The data show a strong correlation between both categories 

(independently of whether success is defined by ArtFacts or the network itself), and an 

extremely low possibility that the measurements are not correlated. Thus, the two 

variables are correlated. Moreover, the unusually high values for the coefficients of 

determination (in excess of 0.8 or even 0.9) suggest that being positioned as a broker in 

the network explains a large portion of success, and therefore that structural holes theory 

provides a useful model in this case. 
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Table 2. Correlation results 
   

Measures of Success 

   ArtFacts Eigenvector 
Centrality 

Degree 
Centrality 

 n  191 1465 1465 
 df  189 1463 1463 

M
ea
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re

s o
f B
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ke
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ge

  Test 
Statistic P 

(uncorr) 
Perm 

P 
Test 
Stat. 

P 
(uncorr) 

Perm 
P 

Test 
Stat. 

P 
(uncorr) 

Perm 
P 

Between

-ness 

rs -0.51 8.16E-14 .0001 0.42 2.85E-63 .0001 .923 1.2E-152 .0001 

tau -0.39 7.37E-15 .0001 0.32 6.89E-80 .0001 0.86 1.7E-133 .0001 

Agg. 

Const. 
rs 0.49 1.23E-12 .0001 -0.82 0 .0001 -0.98 0 .0001 

tau 0.34 1.90E-12 .0001 -0.62 1.68E-27 .0001 -0.90 0 .0001 

Note: “Perm” = probability calculated alternatively by a permutation method in PAST. “P 
(uncorr)” = probability that the two samples are uncorrelated. “Betwee” = betweenness index. 
“Agg. Const” = aggregate constraint index. 

However, there is some variation among the results that is important to consider. 

As explained in the introductory chapter, studies of structural holes have demonstrated 

that there is a certain correlation between brokerage and professional success (Burt 

2007). Burt even contends that in the corporate environment brokerage is correlated with 

the production of good ideas, and hence, with creativity and innovation (2004). One 

should expect that given the dependency of artistic success on the last two principles, 

brokers with equivalent link distributions perform similarly despite the source of 

information. Burt says: “people whose networks span structural holes can expect to find 

themselves synthesizing new understandings, seeming to others to be gifted with 

creativity. Putting aside the individual involved, creativity and learning will occur more 

often where relationships bridge structural holes” (Burt 2002, 211).  

Nonetheless, there is some variation in the achieved success between those 

occupying structural holes since some of them perform extremely well while others are 

relegated from main events. A graph of the 50 individuals least constrained and their 
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corresponding ArtFacts rank allows us to see how success is widely distributed; indeed, 

many rank above a 30,000 ArtFacts rank (the range between 1 and 30,000 representing 

roughly the top 25th percentile of all artists in the ArtFacts’ website) (Figure 21). This 

discrepancy can be explained, for example, by the fact that some people are better at 

engaging the art world than others, that some careers are under development, or that 

artists moved to alternative fields or locations; it can also be accounted for by the 

different types of success measurements used by ArtFacts. Nonetheless, it can also be a 

signifier of the selective processes followed in the distribution of prestige.  

 

Figure 21. Aggregate constraint index vs. ArtFacts rank 

The figure shows 50 artists (with the least aggregate constraint index) in the X axis, and their 
corresponding ArtFacts rank, in the Y axis. The most prestigious artists are positioned between 
0 and 20,000 in the ArtFacts rank. 

As argued earlier, success in the art world depends on the interaction among all its 

parts. Artists need to find the right channels to express their ideas, spaces to show their 

work and supporters to give validity to it. Likewise, institutions need both prestigious and 

exceptional novel artists to consolidate their name. This interaction produces an internal 

artistic stratification that members recognize in the hierarchization of events. In other 
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words, being connected with different sources is beneficial for the individual, but that 

benefit is proportional to the prestige of the source (quality of information, social role, 

establishment in the art world and so on).  

Narrowing down, I focused on those with an ArtFacts rank of 20,000 or less and 

compared them to artists with the lowest constraint index and the greatest betweenness 

(thresholds defined by the histogram evident cut-points). Of the 123 artists in the 

subsample, 22 artists overlapped in both positions (broker/successful); these artists are in 

a privileged place to move and manipulate information. They connect very well with all 

parts of the system and have more diversity among their associates. Among them, some 

salient members play the role of curators, art writers, and artist-run space owners. 

Besides, I found 27 successful artists that do no act as intermediaries; of those, seven are 

between 0-10,000 in the ArtFacts rank, making them the most prominent in the network. 

This elite group is composed by well-established artists that live in Miami but have most 

of their exhibitions elsewhere, so in the frame of this study, they do not form many 

connections. And finally, I found a group of artists that occupy a broker position but do 

not rank within the selected range in the ArtFacts scale. These are 74 local artists that 

have sporadic exhibitions with core institutions and find their activity more constrained to 

the periphery. As a consequence, they form many connections locally (since peripheral 

institutions have a greater focus on local art) and less with outsiders or guests artists 

(Figure 22).  

Constraint varies along the density and hierarchy of a network. Denser clusters 

are more constrained because everyone in them has access to the same information. From 

a local perspective, keeping connections or bridges between prestigious artists and 
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emerging ones, is meaningful not only for the flow of information but the distribution of 

prestige as well. Successful artists that maintain connections with the locals become 

important gatekeepers, as they will help channel outside resources. From an institutional 

perspective, it is important for local authorities to nurture these connections and stimulate 

eminent artists to stay and interact with the local scene. 

 

Figure 22. Brokerage and success Network 

The figure shows the artists grouped accordingly to their role in the network. The group of 
‘Successful’ is composed by those with a favorable ArtFacts rank but with low brokerage role. 
The group of ‘Both’ correspond to those artists with favorable indexes in both measurements. 
The group of ‘Brokers’ have at least a good index for any of the measurements for brokerage 
but an ArtFacts rank above 20,000. 

The matrix presented in Figure 23 portrays the activity of those brokers with an 

ArtFacts rank above 20,000. As we can see, as the index increases, the exhibitions with 

core institutions (first 4 columns) diminish. It also makes evident the facilitator role of 

the Art and Culture Center as many of these intermediary artists have many links with 

this institution.  
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On the other hand, artists with a high ArtFacts rank seemed to move away from 

the local scene to a more global scenario. By dividing the data into three periods, I 

assessed the change in the aggregate constraint measure overtime. Successful artists went 

from less to greater constraint within the network, either because they held more solo 

exhibitions (no connections) or their participation in local events diminished. This could 

be a reflection of an inverse effect in the acquisition of prestige, given that network hubs 

are denser and need to allocate most of their energy in keeping their position (Burt 2007). 

 

Figure 23. Brokers' ArtFacts rank and their affiliations 

Brokers with an ArtFacts ran above 20,000 and their exhibitions represented by the matrix 
shade (the darkest the shade, the greater the number of exhibitions). The institutions in the left 
(“Perez,” “Rubell,” “MoCa” and “DeCruz”) belong to the core of the network; the others 
constitute the periphery. 

Since the emphasis of this research is in the interaction between artists and 

institutions, it is important to look at the betweenness of the latter as well. As expected, 

the four institutions in the core of the structure are less constrained than those in the 
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periphery; however, The Art and Culture Center and Locust Projects present a constraint 

index similar to those in the core. This makes evident the intermediary role that these 

institutions play in the formation of artistic careers. It is these institutions that are 

bridging the core and the periphery and the major players in the movement of artists 

across boundaries. 
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CULTURAL NETWORK

The Miami Art Scene 

In order to understand the agency that Miami’s art world has in the production of 

artistic success, it is important to first look at its development. Miami’s art world is fairly 

new. It started post-World War II (Ando 2015), but it became established in the eighties 

and nineties when more exhibition spaces were formalized (Turner 2007). Before the 

appearance of Miami Art Basel in 2002 (the massive art fair that takes place every year in 

the first week of December), the art made in Miami had eluded greater and more formal 

markets, giving it a halo of authenticity. As artist Robert Thiele witnessed, “artists in the 

early years simply aimed to do their work. They had few aspirations to exhibit in local 

institutions, which in ‘general had a hands-off- policy in terms of the home-grown 

product’” (Ando 2015). Miami has produced art for a very long time; however, the 

institutionalization of this production has happened in just the last couple of decades. 

(Figure 24 shows a timeline of the inception of the main cultural venues in Miami). 

The nineties were decisive for the consolidation of Miami as an important 

converging cultural point. It already had a hybrid community producing unique local art 

when another wave of Cuban artists arrived. They had belonged to “Cuba’s noted ‘80’s 

generation,’ a group that had managed to avoid censorship and attracted a certain amount 

of attention. By the end of that decade, the art scene was blooming enough to interest 

Samuel Keller, Art Basel director, to set up the annual fair in Miami. This happened 
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thanks to the intervention of Mera Rubell, who introduced Keller to Miami Beach city 

officials (Turner 2007). 

	  

Figure 24. Miami art institutions beginnings 

Bold font: institutions included in this study; grey font: institutions that have closed; italics: 
main art fairs. 

Adding Art Basel Miami to an already trending Miami art scene significantly 

changed the art world landscape. Museums grew in space and importance. The “Miami 

Model” was consolidated; and artists-run spaces, art-studio clusters and the 

implementation of many artist-in-residence programs increased.  

Overall, Miami artists have seen an increase in their participation: between 2005-

2008, 141 Miami-based artists held exhibitions; between 2009-2011, the number 

increased to 176; and between 2012 and 2015, it reached 217. The period between 2009 

and 2011 proved to be particularly prolific for Miami artists given the considerable rise in 

the ratio of events in which they participated. This phenomenon could be explained by 

the appearance of new institutions dedicated to promoting local artists (Table 3).  
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Table 3. Miami artists participation rate per intervals 

 Total No. of Events 
No. of Events with 

Miami Artists 
Ratio 

Interval  1 (2005-2008) 119 50 0.42 

Interval 2 (2009-2011) 91 76 0.84 

Interval 3 (2012-2015) 150 72 0.48 

 

The activity produced by the network in the last decade gives us great insight of 

the organizing patterns in cultural networks. To understand its behavior, I compared the 

Miami network to two random models that have been amply documented. The first one is 

the small world network, which is characterized by the existence of high clustering and 

short path lengths; and the second is the scale free network model, which is characterized 

by a degree frequency distribution with power law characteristics. The artists-events 

network shows a high clustering coefficient, short path length, and a power law degree 

distribution in its right tail, suggesting a resemblance to both models. These 

characteristics can be explained accordingly by the institutions’ tendency to select for 

their exhibitions artists that are equal in rank and style, by the existence of intermediaries 

and hubs that increase connectivity, and by the artists’ exposure that grows substantially 

after the first five exhibitions, in a preferential attachment, “rich get richer” effect 

explained by the acquisition of prestige 

Small World Network 

To compare the actual network with a small world random network, I first found 

the small-world coefficient (Q), which is a quotient of the ratio between the clustering 
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coefficient and the average path length of both networks8 (for more information refer to 

small world model section). In this case, since we are dealing with a two-mode network, 

it is important to consider the distortion in the clustering coefficient (proportion of all 

two-paths that are closed in the network), due to the effect that the projection of the 

network has in the production of “fully linked cliques” (Uzzi and Spiro 2005, 453). 

Namely, the row projection links all artists attending an event to each other. This 

generates a great within group connection that distorts the overall connectivity of the 

graph (Figure 25). 

  

Figure 25. Two-mode projection into single mode (artists) 

Left: Two-mode network sample of artists and events; right: single-mode projection of the 
network (artists that attended the same events). Note the “fully linked clique” that each event 
forms, greatly increasing the clustering coefficient of the network. 

Newman and colleagues (2001) demonstrated that the interpretation of the small 

world quotient needs to be adjusted for these networks. They showed that when the 

clustering coefficient ratio of a two-mode network “is approximately 1.0, the clustering in 

the actual network is a result mostly of within-team clustering, and there is little between-

team clustering” (a result of the fully linked formation); but as the Clustering Coefficient 

                                                
8 𝑄 = !"#$%&'()*  !"#$$%&%#'(  !"#$!%  !"#. !"#$%&'()*  !"#$$%&%#'(  !"#$%&  !"#.

!"#$%&#  !"#!  !"#$%!  !"#$!%  !"#. !"#$%&#  !"#!  !"#$%!  !"#$%#  !"#.
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ratio exceeds 1.0, “there are increasing amounts of between-team clustering,” showing 

the true nature of the clustering coefficient of the network (Uzzi 2005, 455).   

Therefore, if the network fits the model, we should expect a coefficient (Q) greater 

than one. Table 4 is an overview of the small world coefficient found for the row 

projections of the artists-events network compared to a random model with the same 

characteristics, after running a Monte-Carlo simulation of 1,000 iterations. The Q found 

for both MiaEgo and MiaOnly are undoubtedly of a small world nature (The All-artists 

network proved to be too big to calculate the clustering coefficient for the 1,000 iterations 

with the tools at hand, so it is not included in the table). The actual network seems to be 

slightly denser and with a close average path length and diameter to the one obtained for 

the random model. 

The second approach to explore the small world nature of the network was by using 

its original two-mode clustering coefficient and other indexes to compare it to the Watts-

Strogatz model. Tore Opsahl proposed a clustering coefficient computation for two-mode 

networks based not on triads and triplets as the single mode clustering coefficient, but on 

the relation between 4-nodes, where the two modes are always represented in the clique 

formation. He facilitated the algorithm through a package for R (Opsahl 2009). Table 4 

reports the results. The clustering coefficient calculated for the two-mode version varies 

in some extent from those of the random model, particularly for MiaOnly where the 

actual clustering is smaller than that of the random network. However, the MiaEgo, 

which is the main focus of analysis, shows a greater clustering coefficient than the 

random model, suggesting that the network indeed holds small world characteristics.  
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Table 4. Small world model and quotient 

 MiaEgo MiaOnly Random Small World Model  
(1000 iterations) 

n 1465 366 1465 366 

   5% 95% 5% 95% 

Density 0.0390 0.1050 0.0260 0.0260 0.1041 0.1041 

Diameter 6 7 3 3 3 3 

Average Path L. 2.56 2.25 2.4167 2.4213 1.928 1.9324 

Clust. Coeff. (rows) 0.56 0.63 0.1062 0.1113 0.1638 0.173 

Clust. Coeff. (2-Mode) 0.1569 0.1202 0.1062 0.1113 0.1638 0.173 

Q 4.76 3.12     

Note: The clustering coefficient calculated for the two-mode seems closer to the random 
network particularly for MiaEgo, in which the coefficient is greater, a benefit for the small 
world behavior. The Monte-Carlo simulation gives the 5% and the 95% quantiles, so we should 
expect the indexes for the actual network to be in between this range. 

Scale Free Network 

To explore the scale free nature of the network, I compared the artists’ degree 

distribution and other network indexes to a Barabási-Albert random model. The 

measurements of density and diameter come from a Monte-Carlo simulation of 1,000 

iterations. However, the alpha and the Kolmogorov-Smirnov test come from the 

comparison with a single random model. Table 5 presents the results. The value predicted 

for the exponent (𝛼) of the power law function is 3. All the levels of analysis for the 

network fit closely to 𝛼=3 when 𝑥!"# is set to three and four, meaning that after the first 

couple of exhibitions the growth of the artist’s degree increases with scale free properties. 

Or, in other words, the tail of the degree distribution, which is the key to identifying its 

functional form, is a power law, which in turn identifies the network as scale free. This 

confirms that artistic success, like many other measurements of success (i.e., wealth, 

income, number of sexual partners, number of citations), behaves as a power law, where 
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individuals that pass a threshold in the achievement of success tend to have a cumulative 

advantage in the acquisition of social capital. The table also includes the Kolmogorov-

Smirnov two-sample test, which compared the empirical degree distribution to a power 

law distribution with the same parameters. The p-value of the Kolmogorov-Smirnov test 

indicates a high probability that the distributions have the same functional form, i.e., that 

they are both power laws. The log-log and cumulative log-log graphs of the artists’ 

degree frequency distribution for the All-artists network and the MiaEgo network are 

presented in Figure 26 and Figure 27, respectively. 

Table 5. Preferential attachment model 
 All-Artists MiaEgo MiaOnly Random Preferential Attachment Model 

N 2036 1465 366 2036 1465 366 

Density .0260 .0390 .1050 .0010 .0014 .0055 

Diameter 6 6 7 13 12 10 

Alpha 3.19 3.041 3.09 3.08 2.85 3.38 

Xmin 4 3 4 22 22 22 

KS .046 .046 .097    

KS (p) .90 .63 .58    

Note: 3 is the value predicted for the exponent alpha of the Barabási-Albert model.   “Xmin” = 
the minimum degree taken into consideration to explore the tail of the distribution exclusively. 
“KS”= Kolmogorov-Smirnov test statistic. “KS (p) = probability that the distributions have the 
same functional form. 

The Miami Art Scene as a Small World with Scale Free Properties 

Although not ubiquitous, small world behavior is extremely pervasive in social 

networks. It is not difficult to imagine a significant amount of connectivity since every 

new connection generates for a person an exponential number of individuals that can be 

reached within a few steps. Therefore, this characteristic is not especially interesting in 

itself. What is relevant about a small world system is the way in which its members 
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“select among hundreds of acquaintances the correct person to form the next link” 

(Adamic and Adar 2005, 189). 

 

Figure 26 Log-log and cumulative log-log plot degree distribution All-Artists 

Log-log and Cumulative log-log degree distribution of All-Artists network (2036). The 
distribution shows power law behavior in its right tail, starting approximately at a degree of 4.  

 

Figure 27 log-log and cumulative log-log degree distribution of MiaEgo 

Log-log and cumulative log-log degree distribution of MiaEgo network (1465). The distribution 
shows power law behavior in its right tail, starting approximately at a degree of 3. 
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Small worlds are extremely searchable and very efficient in the transmission of 

information. As explained by Watts and colleagues, this happens for a series of cognitive 

reasons: First, people in a network not only share social ties but identities that are given 

by the association with social groups and other individuals. Second, people section the 

world in layers that are ordered hierarchically from the most general (“the entire world”) 

to the most particular (“specific groups”). Third, “group membership, in addition to 

defining individual identity, is a primary basis for social interaction” (2002, 1303) 

Fourth, hierarchization occurs in more than one dimension, meaning that people can 

partition their world by occupation, place, etc. And finally, people “construct a measure 

of ‘social distance’” (2002, 1303). As we will see some or all of these characteristics are 

present in the network. 

We must recall that the artists-events network is made up of a highly connected 

giant component. The advantage of brokering among “disconnected” individuals is 

greatly reduced due to the many alternative paths that exist. Being able to find the right 

channels and recognizing the local clustering to exploit possible structural holes becomes 

important. In general, people tend to form links with those placed within close social 

distance (Adamic and Adar 2005). Furthermore, “individuals are essentially 

homophilous” (Watts et al. 2002, 1304). Thus, in systems that are highly categorized and 

hierarchized, brokerage becomes a favorable structural quality when individuals connect 

across stratum and rank. The data show that not all “brokers” perform equally well and 

although there is a statistically significant correlation between success and brokerage, 

qualitative data suggest that it is those connecting or moving towards the core that hold 

the real advantage. In an art world, acquisition of prestige (and subsequent success) 
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seems to be more a function of the degree to which artists and institutions mingle with 

prominent counterparts.  

Dean Keith Simonton carried out a cross-cultural study among 772 artists who 

lived between the years of 1042 and 1912 to explore “how interpersonal influence works 

to enhance or hinder an artist from attaining the highest possible creative 

accomplishment” (1984, 1273). He assessed artistic eminence through 27 different 

indicators, such as number of pages in which artists are mentioned by art historians or 

quantity of illustrations featuring their work in art history books; and then, he crossed 

referenced that with information on the artists’ relationships, such as who were their 

paragons and masters, if their parents or siblings were also prominent, what associates or 

rivals they had in their milieu, with whom they collaborated, whom they taught, and 

finally, who were (are) their followers. Of all the relations, he found, with 

contemporaries, “challenges by rivals and contacts with associates most consistently” 

(Simonton 1984, 1284) impacted artistic achievement. Meanwhile, across generations, 

paragons and followers were “just as central” to the consolidation of artistic careers 

(Simonton 1984, 1284).  

These findings are consistent with those of Collins and Guillén (2012), who 

conducted a similar study in the development of modernist architecture. They propose 

that in cultural fields, individuals “gain visibility by cumulating the eminence of others 

connected to them across and within generations” (2012, 527). Although they 

emphasized this mutual influence as the most determinant factor for acquiring prestige, 

they also found validity in the existence of bridges that provided social cohesion across 

organizations, institutions and social spheres. The best example is embodied by Le 
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Corbusier, who was not only trained by “the most eminent in both the French and 

German networks” (2012, 545), but who pursued ties “in clusters of architects not yet 

connected to his originating network, in Spain, Brazil, and Argentina” (2012, 546). A 

further contribution of their research is the importance of differentiating between inwards 

and outwards ties. As they explained, the connections made by Le Corbusier with distant 

groups of architects were not to collect information but to spread his “own message, 

method and fame” (2012, 546). Previous studies have shown that success in cultural 

fields is associated with, first, new ways of thinking, usually promoted by diversity; 

second, with influential individuals, who spread their ideas; and third, with a 

redistribution of prestige, which passes on to emerging individuals through association 

with eminent ones.  

Social Ties and Identities 

To understand how categories are created within the network it is necessary to 

look first at the most general patterns of membership. It is important to remember that 

this is an affiliation network, so it is highly relevant to understand the similarities and 

differences between the institutions, as well as to understand how social ties reinforce 

social identities. The links in Figure 28 correspond to the artists’ affiliations among the 

three different social sectors delineated in this study (museums, private collections, and 

artist-run spaces). As we can see, museums and private collectors are the ones with the 

greatest agency in showcasing the majority of the artists with a great amount of 

overlapping in their artistic selection; hence, their interests and objectives are somehow 

aligned. Meanwhile, artist-run spaces move away from the artistic selection made by 

other institutions, adding more variety to the information distributed to the general public 



71 

and creating more interaction among artists that have little opportunities to engage with 

more central players. This feature reinforces the existence of a core-periphery structure, 

constraining the agency of those that do not participate in the center of the activity. 

 

Figure 28 Artists connections with institutions by categories 

The figure shows a bipartite graph where the nodes central to the clusters represent the 
institutions grouped by sector, and the nodes linked to them represent their associated artists. 

Taking a closer look, it is evident that there is more overlapping within categories 

than across them (Figure 29). For instance, there are significant coincidences between the 

Perez Art Museum and The MoCA Museum, as well as the De La Cruz Collection and 

the Rubell Family Collection. Furthermore, it shows minimal or no intersection between 

the artist-run spaces (Locust, 6th Street Container and Dimensions Variable) and all the 

other institutions. This evidence, in particular, hints at the network’s tendency to organize 

in groups that cluster around homophily, forming an internal artistic classification that 

allows people to recognize peers and find the right channels to transmit their ideas and 

position their work. 
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Figure 29 Institutions overlapping 

The grey scale in the intercepting cells correspond to the amount of artists shared by both 
institutions, the darkest the shadow, the greater the overlap.  

As Wouter de Nooy explains: “collective classifications serve as unquestioned 

categories of perception that make people adjust their behavior to the current social order. 

In an art world, mechanical solidarity based on shared classifications is probably very 

important since classifications according to artistic quality receive much attention and 

raise fierce debates” (Nooy 2003, 1). He conducted a study on a Dutch literary group of 

authors and critics and noticed that literary styles organized along social strata. He 

contends that “the published classifications function as collective representations: they 

disguise social categories as literary categories, thus legitimizing a social order under the 

pretext of an artistic order” (Nooy 2003, 1). In a similar manner, the Miami art scene is 

classified along social collectivities that represent more universal currents, local styles or 

particular agendas.  
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Partitions and Global Hierarchization 

I found the artists’ place of residence to be a significant attribute defining 

boundaries between artistic classifications. Art centers become important congregators of 

select artists and patrons that can afford (intellectually and economically) to stay in them. 

In their study of the development of French painting in the nineteenth century, White and 

White explain how governmental efforts to set up art academies in all the provinces 

generated not only proliferation in the arts, but a classificatory system with Paris at its 

core. They say: “It became the practice for local notables and municipal councils to send 

the best local talent to study in Paris. Despite the government’s efforts to set up 

flourishing local centers of art, administered from Paris, the Royal Academy succeeded in 

maintaining a psychological ascendancy which drew the cream of the provinces to the 

capital” (1965, 8).  

In a similar fashion, artists look today for art centers that provide them with the 

best education, peer interaction, and opportunities. Besides being convenient, art hubs are 

also a matter of taste. “Taste, then, is a form of ritual identification and a means of 

constructing social relations (and of knowing what relations need not be constructed) 

(DiMaggio 1987, 443). There are two leading art centers in the United States: New York 

and Los Angeles. When we look into Miami’s artistic selection, we find that among guest 

artists, New York-based ones form clearly the most prominent group featuring 407, 

followed by 133 coming from Los Angeles and 92 from Berlin. The representation of 

these art hubs accounted for almost 50% of all the artists exhibiting at the selected 

venues, demonstrating the pervasiveness of global models in the local scene (Figure 30).  
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Figure 30 Percentage of artists according to art hubs 

The figure shows the percentage of artists participating at each institution, according to their 
place of residence. 

 The way in which Miami artists fit in this pattern can help us understand their 

association and stance in the local art world. Table 6 shows the distribution of events and 

the number of artists showcased by each institution. Artist-run spaces and public 

institutions have a greater participation rate of Miami artists than private collections, with 

the exception of the De La Cruz Collection, whose numbers mirror those of the Perez Art 

Museum. The Art and Culture Center, 6th Street Container and Dimensions Variable are 

by far the venues most dedicated to showcasing local artists. ICA also shows a 

commitment to Miami-based artists, considering its short existence in the Miami art 

scene. Notably, the private collections favor New York and European-based artists, 

excluding Cifo, which is clearly a window for South American art. Asian art shows 

sporadically in the majority of institutions and African and Australian art, together, 

account for less than 10% of all the events presented at the twelve venues during the last 
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decade. These results are meaningful to understand the artistic currents dominating the 

local scene and their corresponding mediators. Institutions acquire both identity and 

prestige through the type and quality of exhibitions they present. In this regard, curatorial 

selection is meaningful. Well-positioned curators are crucial in the categorization process 

of the system. Similarly, artists define their style and status according to the places where 

they present their work and the people associated with them. 

Table 6 Miami artists participation rate per institution 

 No. Events No. Artists 
(total) 

No. Miami 
Artists 

Miami Artists 
Participation 

(%) 

Perez 35 384 87 22.7 
Bass 25 309 24 7.8 
MoCA 30 332 101 30.4 
ICA 3 24 9 37.5 
Art & Culture 53 477 221 46.3 
Rubell 12 296 11 3.7 
De la Cruz 15 139 29 20.9 
Cifo 25 326 9 2.8 
Margulies 10 131 3 2.29 
Locust 56 160 34 21.3 
Dimensions V. 30 57 26 45.6 
6th Street C. 41 73 52 71.2 

 

Prestige, Group Membership, and Social Distance  

Two main settings permeate Miami: one commanded by a universal market and 

one that struggles to keep its production far from it. As established above, institutions and 

artists accumulate prestige in a reciprocal relationship by associating themselves with 

already prominent counterparts. “Where genres are ordered by prestige, persons who 

have invested in information about prestigious styles have more at stake in the 

preservation of the cultural classification system” (DiMaggio 1987, 449). These systems 

are the conventions through which people enact and reinforce art worlds (Becker 2008), 

and their labels become important in the establishment of reputation and success (Nooy 
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2003). Inevitably, in its eagerness to grow in importance and position, the Miami art 

scene undergoes the pressure imposed by external classification systems, as we already 

saw in the high presence of art hubs.  

From an economic perspective, the system is also driven by the consumers’ 

agency. For instance, Art Basel brings every year more than 75,000 art buyers and 

connoisseurs and many local galleries and institutions groom their exhibitions to attract 

this market. Nonetheless, “only a small percentage of out-of-town visitors…venture out 

to explore Miami’s homegrown art scene” (Sokol The New York Times, November 28, 

2014). This contrast between the frenetic week of Art Basel and the natural development 

of the local art scene generates considerable uncertainty for professionals in the field. It is 

not uncommon to hear the discomfort that the underrepresentation of homegrown artwork 

brings for local artists and galleries alike. In fact, the participation of local galleries in the 

main fair has decreased dramatically in the last couple of years due to the high costs 

involved (Sokol 2014). Instead, locals have opted to create their scenarios by 

participating in either one of many satellite fairs or by setting up their personal spaces. 

The annual fair, indeed, marks a peak in the art season; however, throughout the 

year, the data show that the production is steady and emergent. Museums try to balance 

exhibitions not only by high-rated global artists but by emerging ones as well; collectors 

maintain their autonomy by exhibiting the art that goes with their taste and artist-run 

spaces are persistent in presenting art that does not belong to the mainstream. With its 

roots dating to before the Art Basel inception, this local endeavor is what defines the 

Miami art character. Collectors, in particular, have been very influential and active within 
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the community by opening their collections to the public and engaging in educational 

programs that have become a model.  

On the other hand, artists have done their part by forming clusters of art studios, 

such as the Bakehouse Art Complex, Art Center/South Florida, and Bridge Red Studios, 

as well as artist-run spaces such as Locust Projects, Dimensions Variable, Cannonball, 

Swamspce and GucciVuitton, concentrated mostly in neighborhoods (i.e., Wynwood and 

Little Haiti). In the arts, innovations are needed as much as conventions. Variations 

among styles are expected from artists and institutions alike. Distributing new and 

relevant information is crucial for institutions to keep their position. After all, cultural 

consumption is an intangible yet a powerful “status marker.” Audiences capitalize it to 

engage in conversations, making it a “potent medium of interactional exchange.” As 

DiMaggio says: “If there is a common cultural currency, the arts (supplemented by 

fashion, cuisine, and sport) constitute it” (1987, 443). Peripheral activity and 

experimentation are crucial to keep the freshness in the information flow. Nonetheless, 

creating a new style or genre demands many resources and “rarely do artists even 

collectively possess the necessary” means to formalize it. (DiMaggio 1987, 445). In this 

regard, art patrons play a significant role in the consolidation of a local art scene.  

Bonnie Clearwater, museum director and an active member of the South Florida 

art scene for many decades, wrote in 2000: “The Miami art world has reached a turning 

point. Although it has long been home to artists and has supported an active local art 

scene, the city is currently experiencing an unparalleled growth of a community of 

emerging artists. This is the first generation to benefit from the burgeoning Miami art 

world” (Clearwater 2000, 8). Her essay “Making Art in Miami” (part of an exhibition 
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catalog featuring Miami-based artists) clearly elucidates the atmosphere governing the art 

scene at the time. There was a group of emerging artists forming strong ties with well-

established ones, and thus, “satellite groups” converging into a “broad network of 

artists.” Miami artists felt, for the first time, that they were not “forfeiting participation in 

the international art world by remaining in Miami” (2000, 10). Today, there is an eclectic 

art scene struggling to position itself in a global scenario while remaining faithful to its 

roots. As Los Angeles-based art writer Courtney Malick speaks of Miami’s contrasting 

art scene: “Miami, which continues to dip its toe deeper and deeper into contemporary 

art’s murky waters—so much so that it is now apparent it will be swimming laps in the 

years to come—can render itself apart from other major art cities through its less global 

attributes and selling points” (The Miami Rail, fall, 2015). 

In their seminal paper “The Iron Cage Revisited: Institutional Isomorphism and 

Collective Rationality in Organizational Fields,” DiMaggio and Powell proposed what 

they called a paradox in the consolidation of organizations in any given field. That is 

“actors make their organizations increasingly similar as they try to change them” (1983, 

147). Isomorphism9, as they call it, occurs by external pressures and constraints. Three 

“isomorphic processes” are central in defining an organizational field: coercive that is the 

institutions response to political pressures, governmental influences and cultural 

expectations in the society; mimetic that derives from symbolic uncertainty in the 

environment and ambiguity in the pursued goals; and normative that is the need for the 

“professionalization” of the field (1983, 150).  

                                                
9 “Isomorphism is a constraining process that forces one unit in a population to resemble other units that 
face the same set of environmental conditions” (DiMaggio and Powell 1983). 
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Many of these features are clear in the behavior of Miami’s art institutions. On the 

one hand, some institutions search to position themselves within a greater order by 

adapting and emulating well-established models (New York for example) while on the 

other hand, some institutions try to position themselves by creating a unique style; 

however, interaction among organizations forces them to adapt to more formal canons. In 

Miami, organizations have become more institutionalized in the last decades, which 

results in a professionalization of their members. At the same time, pockets of less formal 

art institutions exist and are crucial for bringing diversity and innovation into the process. 

All this somehow subtle interplay delineates the artistic categories and the degree of 

differentiation between them. Brokerage and success, in great part, depend on how well 

the member can navigate these categories and how well he or she fits in them.  

The Societal Perspective 

DiMaggio, in line with Durkheim’s collective representations, has made an 

important contribution to the study of cultural systems by proposing a comprehensive 

theoretical framework that explains the definition of boundaries between artistic styles 

and the processes followed by artists and institutions in the formation of local artistic 

identities. His artistic classification system (ACS) refers to:  

The way that the work of artists is divided up both in the heads and habits 
of consumers and by the institutions that bound the production and 
distribution of separate genres10. The ACS refers to the system of relations 
among genres and among their producers in a given collectivity. As such, 
an ACS reflects both the taste structure of a population and the structure of 
production and distribution of cultural goods. (1987, 441) 
 

Four dimensions are “salient” in the artistic classification systems generated by the 

commercial, professional and bureaucratic domain: the extent of differentiation among 
                                                
10 DiMaggio defines genre as a “sets of artworks classified together on the basis of perceived similarities” 
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genres, hierarchization of prestige, homogenization of art classes and ritualization of 

system boundaries. The variation in the extent that each dimension is implemented in a 

local system determines not only its art production but also the degree to which resources 

and opportunities are distributed among its members.  

For example, folk art is “highly differentiated but nonuniversal, with contents that 

are ritually strong but by virtue of their isolation relatively nonhierarchical. By contrast, 

class-segmented cultural systems are differentiated, hierarchically ordered, and consist of 

components that are broadly recognized (universal) and ritually potent” (1987, 442). In 

societies where the class system is highly differentiated the artistic classification reflects 

it. From all the premises proposed by DiMaggio, I will mention the most relevant for this 

research and the ones that resemble the behavior of Miami’s cultural scene: (1) People of 

high status reinforce relationships with equals through “high-cultural tastes” (1987, 443), 

secured by the agency and power of an upper class. At the same time, accumulation of 

cultural capital is “related to positive outcomes in the status-achievement process” (1987, 

444). (2) Professional classifications are the result of artists’ search for “status and 

material success” (1987, 451). Artistic status is influenced mainly by the competition that 

can drive artists to produce new styles (usually poorly institutionalized). Competition can 

vary according to the length of training and the amount of prestigious positions available. 

And (3) ritual classifications are enforced to prevent lesser hierarchies to cross into 

higher ones. “The greater the structural consolidation, the stronger the boundary strength 

of ritual classifications.” For instance, systems that are “strongly bounded ACS” cluster 

around taste and “ritual boundaries” that prevent participants from moving across classes 

(1987, 441). 
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Undoubtely, the Miami art scene has grown and developed in the last decades. 

Today, it experiences some fragmentation due to the increasing differentiation and 

ambiguity in the objectives and goals that its members envision. Collectors and 

governmental institutions have the economic and cultural capital to lead the efforts in the 

consolidation of Miami as a global cultural destination. For this, institutions need to find 

the right balance between convetions and innovation. Miami artists are finding their place 

on this environment; although, the system has created ritually potent boundaries that are, 

for some artists, counterproductive. Local artists that do not fit into the model have to 

look for other places and markets willing to take their work. The data suggest that 

organizations are increasing their interaction among them, revealing some patterns of 

“coalition.” As proposed by DiMaggio and Powell, they seem to move towards an 

institutional isomorphism.  
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CONCLUSION

This study aimed to test Burt’s structural holes theory in a cultural field where 

innovation and creativity are pivotal for success. I focused on the distribution of 

exhibitions, their participants and promoters in the Miami art scene, and found a positive 

correlation between being strategically positioned among different artistic categories and 

finding professional achievement. In this network, structural advantage is determined by 

connecting across styles and ranks. Artistic identities that fit into more than one category 

encounter more chances within the system since artworks are handpicked by institutions 

bound in a complex symbolic and ritualized system. While it is true that local artists have 

seen their opportunities increase, the resources are unequally distributed, constraining 

those limited to the periphery. This suggests that core institutions are instrumental in 

bestowing status.  

Artists and institutions get validated by the reputation of their connections. 

Prestige distribution is both: bidirectional because, for artists, it is as important to have 

mentors and paragons as it is to have followers and pupils that validate and prolong their 

ideas, and unequally distributed because the more exhibitions an artist gets with 

prestigious institutions and peers, the greater his or her chances to succeed. Therefore, 

connections matter. Mostly, they determine the artist’s affiliations, style, and chances.  

The system shows a small world nature that guarantees the efficiency in the 

distribution of information. Artists organize in local clusters around communities and 

identities, such as Wynwood and more recently Little Haiti (Schulman 2015), creating a 
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unique dynamic that is marking the system’s identity. Some artists bridge these clusters 

by interacting in exhibitions and by acting as curators in many of the events. At the same 

time, the Miami art scene belongs to a global scenario that is highly institutionalized. 

Artists and institutions adapt by implementing more universal styles and conventions. In 

the end, artworks are the final product of an exchange of ideas, juxtaposition of realities, 

and aesthetic contradictions that happen both within and between art worlds. 

I found that success as measured by the network characteristics is distributed as a 

power law, like many other indicators of success. The network also has scale free 

characteristics, which implies not only that it may evolve by preferential attachment due 

to the acquisition of prestige, but also that it may evolve by other factors such as the 

accumulation of power, as in a Pareto distribution, or the selection of the most efficient 

actors in the network, as in the fitness model. Scale free networks are interesting because 

they appear to evolve spontaneously under many different circumstances, suggesting that 

their scale free qualities are “universal,” in the sense that they do not depend on the 

details of the model but rather emerge robustly under general conditions. The underlying 

mechanism producing the power law behavior, however, cannot be inferred from the data 

alone since different factors can cause the formation of the same kinds of distributions 

(Brown and Liebovitch 2010). However, previous studies suggest that artistic success 

depends on the acquisition of prestige through association with already prestigious 

counterparts (i.e., Simonton’s “Artistic Creativity and Interpersonal Relationships Across 

and Within Generations,” and Collins and Guillén’s “Mutual Halo Effects in Cultural 

Production: the Case of Modernist Architecture,” referenced earlier). 
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Art worlds are networks that mediate art production. They function as informal 

institutions that regulate and define the cultural material that is to be produced, 

distributed and consumed, in a highly categorized system where symbolic constructions 

are based primarily on taste and prestige. From an anthropological perspective, art worlds 

are cultural mediators that allow people to interact at the societal level according to their 

cultural capital. The implementation of SNA to studies on the interplay between micro 

and macro phenomena is convenient to analyze the relations beyond the attribute level. 

As a model that is evolving, The Miami art scene is a good case study; further 

contributions could be the addition of longitudinal data, interviews and fieldwork. 

Meanwhile, this analysis is a prior step and an ethnographic exercise that can evolve into 

a more complete insight into Miami’s art scene that could benefit art producers, art 

patrons, art distributors and governmental agencies to better inform their decisions and 

actions.
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APPENDIX: Miami artists’ ArtFacts rank blocked in a core-periphery structure. 
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