
1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
‘The Hierarchy of World Cities’ in 1986.  Source:  Map by Elvin Wyly, modified and adapted from John 

Friedmann (1986).  “The World City Hypothesis.”  Development and Change 17(1), 69-83. 
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“There are certain great cities, in which a quite disproportionate part of the 

world’s most important business is conducted.”   

Sir Peter Hall.
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“Increasingly NGOs (non-governmental organizations), government regulators, 

mayors, professional associations, and others, operate transnationally and thereby 

constitute a variety of cross-border networks.  As a result of these and other 

processes ... a growing number of cities today play an increasingly important role 

in directly linking their national economies with global circuits.  As cross-border 

transactions of all kinds grow, so do the networks binding particular 

configurations of cities.  ... This in turn contributes to the formation of new 

geographies of centrality in which cities are the key articulators.”   

Saskia Sassen.
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“This is a preliminary glimpse at a world city network defined by office relations 

between cities.  Until such work as this is completed we do not even have the 

basis for understanding world city network formation. ... All that is being reported 

is the barest skeleton of a global structure, but one not previously revealed despite 

two decades of world city research.”   

Peter Taylor.
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1
 Peter Hall (1966).  The World Cities.  New York:  McGraw-Hill, World University Library, p. 7. 

2
 Saskia Sassen (2002).  “Locating Cities on Global Circuits.”  In Sassen, ed., Global Networks, Linked Cities.  New 

York:  Routledge, 1-36, quote from p. 2 
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Global-cities research has become one of the most active and exciting areas of study in urban 

geography.  Unfortunately, it has also become especially vulnerable to exaggeration, hype, and 

grand, sweeping claims that everything has been globalized, that the conditions of urban life are 

more tightly bound up with global forces than ever before, that the world is flat,
4
 or (the mother 

of all provocations) assertions of the form, “my favorite city is more ‘global’ than yours.”  Grand 

proclamations are fine if you can back them up, but as John Short and his colleagues noted more 

than a decade ago, the “dirty little secret” of so many global-city studies is that they use a very 

small base of empirical data to try to support ambitious claims that can only be tested with 

reliable, comparative, and relational data.
5
 

 

This project gives you an opportunity to take a look inside one of the major research efforts 

designed to rectify this problem.  In this background paper, I describe a valuable, unique dataset 

that can be used to study certain aspects of world cities, and then I show you how a statistical 

technique called cluster analysis can help us classify world cities into different categories.  Don’t 

let the specialized terminology frighten you:  this project does not require you to actually do a 

cluster analysis.  In fact, I’ve already done it for you.  You simply need to read through this 

background paper to learn enough about cluster analysis to understand how to interpret the 

results, and how to use them to analyze certain facets of world-city networks.  Your job in this 

project is simple:  choose a subset from among fifty-five global cities, and then tell a story about 

urban networks that pays attention to how the cities are classified, and that draws in some way on 

the world-cities approach in urban geography. 

 

The GAWC Data 

 

In one of the few major attempts to create the kind of reliable, comparative, and relational data 

we need to understand global cities, Peter Taylor and his colleagues in the Globalization and 

World Cities (GAWC) Research Group began a research project several years ago designed to 

understand the locational strategies of “producer services” firms.  Producer services firms are 

companies that provide highly specialized help to other companies – strategic advice on a global 

advertising strategy for a large multinational corporation, investment-banking consultations on 

how to design a company’s next bond issue or public stock offering, legal and strategic guidance 

on whether a particular merger or acquisition will encounter problems in international law or 

securities regulations, and so on.  These are the activities that come to mind when we think of the 

busy financial districts of London, Tokyo, and New York, those financial centers we always hear 

about in the business reports describing the day’s stock market performance.  But what about the 

other cities beyond this triad?  And how do these specialized producer services link together 

London, Tokyo, and New York to these many other cities? 

 

                                                                                                                                                             
3
 Peter J. Taylor, D.R.F. Walker, and J.V. Beaverstock (2002).  “Firms and Their Global Service Networks.”  In 

Sassen, ed., Global Networks, 93-115, quote from p. 113. 
4
 I am not making this up.  See Thomas L. Friedman (2007).  The World is Flat:  A Brief History of the Twenty-First 

Century.  New York:  Picador.  In what is now a routine software-discourse fetish, Friedman labels his third edition 

‘Release 3.0,’ and in his introduction to the new paperback edition he includes a few brief responses to the many 

critics of his earth-flattening metaphors. 
5
 John Short, Y. Kim, M. Kuus, and H. Wells (1996).  “The Dirty Little Secret of World Cities Research:  Data 

Problems in Comparative Analysis.”  International Journal of Urban and Regional Research 20(4), 697-717. 
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Peter Taylor’s producer 

services database:  city 

locations of about four dozen 

of the world’s leading firms in 

accounting, advertising, 

banking/finance, and 

commercial law. 

Taylor and his colleagues 

 

…collected data on the distributions of offices for 74 companies (covering accountancy, 

advertising, banking/finance, and commercial law) in 263 cities. An initial analysis of 

this data identified the 143 major office centers in these cities, and 55 of these were 

designated world cities on the basis of the number, size, and importance of their 

offices….
6
 

 

They then narrowed their list of producer-services 

firms down to the major players who were actively 

engaged in inter-city, network relations – that is, 

firms that had significant operations across 

multiple cities.  Their final list includes 46 large 

firms that have offices in fifteen or more different 

cities around the world.  Their list is something of 

a “who’s who” of the “command and control” 

functions described by Saskia Sassen and other 

prominent thinkers:  the names I recognized 

include Price Waterhouse, KPMG, and Ernst & Young in accounting; Saatchi and Saatchi, 

Young & Rubicam, and Ogilvy & Mather in advertising; HSBC, Barclays, JP Morgan, Credit 

Suisse, UBS, and Citibank in banking and finance; and Skadden Arps, and Dorsey & Whitney, in 

law. 

 

Before we try to use the entire dataset, we’re going to begin with just a small subset, to illustrate 

how we can use the information.  Our subset focuses on whether each of the globally-oriented 

advertising firms (there are a total of 11) and the major banking and finance firms (14) have a 

presence in each of the 55 cities (see the table on the next page).  Note that all 11 advertising 

firms, and all 14 banking enterprises, have presence in London and New York.  All of the 

banking and finance firms have a presence in Tokyo, but only 8 of the advertising firms do.  

Beyond this peak of the world-city hierarchy, there’s considerable variation amongst the 

different cities in terms of their importance to these prominent producer-services firms.  Can we 

use this variation to classify these cities on this important indicator of economic globalization? 

 

 

 

 

 

 
 

 

 

 

 

 

 

                                                 
6
Jonathan V. Beaverstock, Richard G. Smith, and Peter J. Taylor (2004). “World-City Network: A New 

Metageography?” Annals of the Association of American Geographers 90(1), p. 127. 
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Number of Leading Producer Services Firms with Presence in World Cities Table 1.  Number of Leading Producer Services Firms with Presence in World Cities.

Banking

City Advertising & Finance

Amsterdam 9 7

Atlanta 2 1

Bangkok 8 10

Barcelona 8 7

Beijing 7 9

Berlin 2 4

Boston 2 5

Brussels 11 6

Budapest 9 7

Buenos Aires 8 13

Caracas 8 10

Chicago 5 9

Copenhagen 9 1

Dallas 3 3

Dusseldorf 6 5

Frankfurt 9 12

Geneva 3 9

Hamburg 6 4

Hong Kong 9 13

Houston 1 8

Istanbul 9 6

Jakarta 7 10

Johannesburg 7 9

Kuala Lumpur 7 10

London 11 14

Los Angeles 9 10

Madrid 11 10

Manila 8 10

Melbourne 8 8

Mexico City 9 13

Miami 6 6

Milan 10 12

Minneapolis 3 0

Montreal 7 7

Moscow 8 9

Munich 2 7

New York 11 14

Osaka 0 6

Paris 10 11

Prague 8 8

Rome 3 6

San Francisco 7 11

Sao Paulo 9 11

Santiago 7 10

Seoul 7 10

Shanghai 5 8

Singapore 10 12

Stockholm 9 2

Sydney 9 11

Taipei 7 10

Tokyo 8 14

Toronto 11 11

Warsaw 7 8

Washington, DC 1 4

Zurich 9 11

Data Source :  Peter Taylor and D.R.F. Walker (2007).  "World Cities and Global Firms."  Dataset 6.  Loughborough:

Globalization and World Cities Research Group, available at http://www.lboro.ac.uk/gawc/datasets/da6.html

last accessed October 10.  See also Peter J. Taylor, D. R. F. Walker, and J. V. Beaverstock (2002).  "Firms and

Their Global Service Networks."  In Saskia Sassen, ed., Global Networks, Linked Cities.  New York:  Routledge, 93-115.  
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An easy first step in trying to classify these cities is simply to draw a graph, using each variable 

as a separate axis (see the graph below).  Not all of the cities have been labeled on this graph, but 

even so, just a quick glance at the graph suggests important contrasts and interpretations.  

London is clearly at the peak of the hierarchy on both measures, and appears in the graph as the 

cliché would have it – “in a class by itself.”  Then again, Atlanta and Minneapolis also seem to 

be in classes by themselves, apparently bypassed by the leading producer services firms.  But in 

the case of Stockholm and Copenhagen, global advertising firms regard these centers in a very 

similar fashion, and place a high priority on having a presence there; not so for the banking and 

finance firms.  Overall, a glance at a graph like this begins to suggest a few distinct categories, 

sets of cities that, for all their important differences, share crucial similarities in terms of the 

strategic decisions and operations of the world’s leading producer service enterprises.  We could 

simply grab a pen and start grouping the cities on this graph to help us begin our exploration into 

different kinds of world cities; indeed, this is often an excellent way to begin brainstorming, 

formulating hypotheses, and developing plans for which cities to examine, which kinds of 

literature to investigate.  But often the chart isn’t quite as simple as this illustration, so wouldn’t 

it be a good idea to have a more systematic way of deciding how to put different things together? 
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World Cities and Global Service Firms.   

Note that not all cities are labeled.  Data source:  Peter Taylor and D.R.F. Walker (2007).  World Cities and Global 

Firms.  Dataset 6.  Loughborough, UK:  Loughborough University, Globalization and World Cities Research Group. 
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Cluster analysis:  a technique that 

uses numerical measures to classify 

phenomena into discrete categories. 

 

Cluster analysis can be traced all the 

way back to the work of the Swedish 

botanist Carolus Linneaus in the 

1730s, but was formalized in the 

1930s. 

 

The automation paradox:  after 

computers made it easier to do 

cluster analysis, the approach was 

over-used, prompting a backlash 

among many social scientists.  Today, 

cluster analysis is not widely taught 

in universities -- even as it is widely 

used (often in highly automated 

procedures) in private companies’ 

target marketing and locational 

analysis applications. 

A Simple Introduction to Cluster Analysis 

 

The most widely-used systematic approach to this kind of problem is a statistical technique 

called cluster analysis.  Cluster analysis 

can be traced all the way back to the 

work of the Swedish botanist Linnaeus in 

the 1730s, but in its modern incarnation 

emerged in the 1930s with the work of 

biologists and psychologists.
7
  It rapidly 

became a popular method in psychology, 

sociology, educational research, 

marketing and commerce studies
8
 – and, 

eventually, in geography too.
9
  For many 

years, cluster analysis could only be done 

with hand calculations:  the more things 

you wished to investigate, the more 

laborious hand calculations you had to 

do.  With the development of computers 

in the 1950s, the scale and scope of 

cluster analysis exploded, allowing 

researchers to address old and new 

questions in a systematic way, on a scale 

that had never before been possible.  In 

the process, some enthusiasts got a bit 

carried away, and made overblown 

claims for what the results of cluster 

analyses could actually tell us.
10

  This 

inspired a backlash and reconsideration 

among many prominent scholars, 

especially in the social sciences; 

eventually many of them stopped 

teaching cluster analysis – concluding 

that it was only a rudimentary descriptive 

accessory, and could never provide the 

kinds of definitive explanations its advocates once promised.  But outside the academy, the 

                                                 
7
 Ronald A. Fisher (1936).  “The use of Multiple Measurements in Taxonomic Problems.”  Annals of Eugenics 7, 

179-1988.  Robert C. Tryon (1939).  Cluster Analysis.  Ann Arbor, MI:  Edwards Brothers. 
8
 To appreciate the popularity of the approach, consider that “The variety of clustering techniques is reflected by the 

variety of terms used for cluster analysis:  biotryology, classification, clumping, competitive learning, 

morphometrics, nosography, nosology, numerical taxonomy, partitioning, Q-analysis, systematics, taximetrics, 

taxonorics, typology, unsupervised pattern recognition, vector quantization, and winner-take-all learning.”  SAS 

Institute (1999).  SAS/STAT User’s Guide, Version 8.  Cary, NC:  SAS Institute, p. 97. 
9
 See R.J. Johnston (1978).  Multivariate Statistical Analysis in Geography.  London:  Longman, chapter 7; Peter A. 

Rogerson (2006).  Statistical Methods in Geography.  London:  Sage Publications, chapter 12. 
10

 Moreover, the genealogy of the technique made it especially vulnerable to abuse and co-optation into very 

dangerous kinds of theories.  Note the name of the journal in which Fisher’s 1936 landmark article appeared.  And 

consider:  Ronald A. Fisher (1936).  “The Coefficient of Racial Likeness.”  Journal of the Royal Anthropological 

Institute 66, 57-63. 
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technique continued to spread like wildfire with the wave of computer software applications 

diffusing through private companies.  Today’s paradox, then, is that many students never learn 

much about the approach – even as more and more aspects of contemporary life are shaped in 

one way or another by the proliferation of automated cluster-analytic algorithms that classify 

places and people according to our preferences for various kinds of products and services, our 

financial position and creditworthiness, and even our voting preferences or potential response to 

various kinds of political messages.   

 

The basic idea behind cluster analysis is very simple.  The goal is to group a number of things 

(observations:  people, products, plants, cities, etc.) according to a set of variables measuring the 

characteristics of those things.  The steps in a cluster analysis are to a) choose variables 

measuring the features of a set of observations, b) convert the variables so that each observation 

can be compared to every other observation in terms of its similarity, usually expressed in terms 

of a distance measure of similarity, and c) group observations according to how close they are in 

terms of these distances.  In this case we’ve already decided that we’ll use producer-services 

firms as an indicator of global city relations, and so we can turn to the distance measure of 

similarity, before examining how observations are grouped together. 

 

The Distance Measure of Similarity 

 

One way to understand the relations between these cities in terms of their producer-services 

firms is to use a statistical measure of similarity of these observations (cities) in a space defined 

by the variables (presence of leading advertising and banking/finance firms).  Thanks to the 

followers of Pythagoras, the Greek mathematician and philosopher (580-500 BCE), we know 

that when we have a right-angle triangle,  

 

a
2
+b

2
=c

2
  

 

where c is the length of the hypotenuse, and a and b are the other sides of the triangle. This 

theorem was eventually incorporated into the works of Euclid, another Greek mathematician 

who lived about two centuries after the unfortunate, sudden demise of the Pythagoreans.
11

  So if 

we wished to determine the distance (let’s call it D) between, say, Moscow and Brussels (let’s 

call them i and j) in producer services space, it would be simple.  We take the differences in the 

values for banking firms for Brussels and Moscow, square the result, and add this to the squared 

difference in the values for advertising firms for Brussels and Moscow: 

 

Dij
2
 = (9-6)

2
+(11-8)

2
 

Dij
2
 = (3)

2
+(3)

2
 

Dij
2
 = 9+9 

Dij
2
 = 18 

Dij = 4.24 

                                                 
11

 “They believed in self-restraint, in temperance, obedience, and simplicity,” as well as “the all importance of 

music,” but after Pythagoras founded a political or religious school in Crotona in lower Italy, “so strange and 

heathenish did its doctrines appear to the people that they rose and killed most of the followers of Pythagoras.”  

Charles H. Sylvester, ed. (1907).  The New Practical Reference Library.  New York:  The Dixon-Hanson Company, 

Vol. IV, not paginated, entry for Pythagoras. 
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The distance measure of 

similarity: in a space defined 

by variables chosen to 

measure certain 

characteristics, the distance 

between observations 

provides a measure of their 

similarity. 
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Applying Pythagoras’ Theorem to Cities in Producer-Services Space. 

 

When we compare Moscow and Prague, the figures for the advertising firms are the same, so the 

distance figure reduces to the difference in the number of banking and finance firms: 

 

Dij
2
 = (9-8)

2
+(8-8)

2
 

Dij
2
 = (1)

2
+(0)

2
 

Dij
2
 = 1+0 

Dij
2
 = 1 

Dij = 1.00 

 

We can do this for all the possible pairs for our cities.  With a dataset of 55 cities, the matrix of 

these distances will contain 55 x 55 = 3,025 cells; when we subtract the diagonal (55 cells that 

tell us that the distance from each city to itself is 

zero) and divide the result by half (the distance 

from Moscow to Prague is the same as from 

Prague to Moscow), this means that the entire 

dataset would require 1,485 unique calculations.  

To spare your eyes, the full 55 x 55 matrix is not 

reproduced here.  The average distance between 

the city-pairs in this matrix, though, is about 5.48. 

 

There are two points to keep in mind about this 

procedure.  First, there is nothing keeping us in the 

simple, boring realm of two dimensions.  The 
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The epistemology of cluster 

analysis:  the choice of 

variables and measurement 

units quite literally creates the 

multi-dimensional space that 

defines what is possible to 

observe. 

Euclidian distance formula can be generalized to a theoretically unlimited number of dimensions 

in mathematical space: 

 
2

1

2





n

k

jkikij xxD  

In this equation, Dij is the distance between observations i and j; n is the number of dimensions 

(meaning also the number of variables we are using in the calculation); xik is the value of the kth 

variable for the ith observation; and xjk is the value of the kth variable for the jth observation.  To 

put it another way, the equation means:  the distance between two observations squared is equal 

to the sum – adding up from k=1 to n, how ever many dimensions (variables) we’re measuring – 

of the different values of each variable, squared.  Just think of Pythagoras’ triangle in two, three, 

then four or more dimensions. 

 

This equation needs a bit of revision if you choose variables that have substantially different 

measurement scales; if we wanted to include the population of each city as another variable 

along with the number of producer services firms, we would have one variable that ranges from 

0 to 11 (advertising firms), another ranging from 0 to 14 (banking and finance firms), and then 

another that has a range of many millions (population).  The population variable will drive the 

entire analysis.  To avoid this problem, we would simply convert all variables to the scale – by 

dividing the differences for each measurement in terms of the standard deviation of the 

respective variable: 













 


n

k k

jkik

ij

xx
D

1

2

2


 

 

This is called the adjusted Euclidian distance, or simply the statistical distance.  If the equation 

looks a bit intimidating, just remember Pythagoras, and be thankful we won’t be treated like his 

followers.   

 

Second, note how square certain parts of that graph are:  many of the cities are separated by 

exactly one unit, either horizontally, vertically, or diagonally.  And there are also some precise 

overlaps; not all the cities in the figures are labeled, and if you look closely at Table 1, you’ll see 

that Prague, with 8 major advertising firms and 8 banking firms, has exactly the same position in 

producer-services space as Melbourne.  This makes 

sense once we realize that the variables we’ve 

chosen can only take on integer values – the 

number of firms in particular sectors with a 

presence in particular cities.  As we have defined 

them, the variables cannot take on values like, say, 

5.43.  The broader theoretical point is this:  every 

result and interpretation based on a cluster 

analysis depends critically upon the variables and 

measurement units chosen for analysis.  Choosing 

these measures quite literally creates the multi-

dimensional space that defines what is possible to 

observe, and how different things will relate to one another. 
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Putting Things into Categories 

 

Once we’ve defined the similarity measure (in this case, Euclidian distances or statistical 

distances) the rest of the process is a simple algorithm dressed up with a few fancy tricks.  There 

are two main approaches:  hierarchical procedures begin by putting things together, while non-

hierarchical methods start with the entire dataset and begin separating things into a specified set 

of groups.  Here, we’ll use the hierarchical approach, forming clusters by grouping observations 

that are separated by the shortest distances.  The first set of steps will be the same for any kind of 

hierarchical procedure:  calculate the distance matrix for all the observations; identify the 

smallest value in the distance matrix; then group the two observations separated by this shortest 

distance into a cluster.  This gives us a new, composite observation, and then we re-calculate the 

distance matrix -- recall that two of the unique observations have disappeared into a new, 

composite city, for example, Prascgow, for which we have to measure distances to all other 

cities.  At this point, there are different flavors of hierarchical cluster analysis, specifying 

somewhat different rules for how things are grouped together.
12

  But once the rules are applied 

we put together another pair of observations, and then we recalculate the distance matrix again, 

and look once more for the smallest distance value to decide which things to combine.  The 

process is iterative, successively grouping the individual observations into ever-larger groups; it 

continues until the point where all observations are aggregated into one single group. 

 

This iterative process of calculating and re-calculating might seem rather tedious, and indeed it 

is.  But once we understand the logic of the technique, it’s a simple matter to use the computer-

based statistical procedures developed and refined since the 1950s.  The following code reads the 

data shown in Table 1, and performs the very simplest kind of cluster analysis on the cities: 

 
libname g350 “c:\sasdat\g350”;                                                                                                           

options linesize=120;                                                                                                                                                                                                                                                          

data g350.simple(compress=yes);                                                                                                          

            infile “c:\sasdat\g350\simple.csv” delimiter=“,” missover;                                                                   

            length city $ 30;                                                                                                            

            input city $ advert bank;                                                                                                    

            run;                                                                                                                         

proc cluster data=g350.simple method=single noeigen;                                                                                     

id city;                                                                                                                                 

var advert bank;                                                                                                                         

run;           

 

This gives us the following output: 
                                                     The SAS System           14:40 Wednesday, October 10, 2007 

 

                                                 The CLUSTER Procedure 

                                            Single Linkage Cluster Analysis 

 

                              Root-Mean-Square Total-Sample Standard Deviation = 3.184453 

                              Mean Distance Between Observations               = 5.476009 

 

 

                                                    Cluster History 

                                                                                                    Norm    T 

                                                                                                     Min    i 

             NCL    ------------------------Clusters Joined-------------------------      FREQ      Dist    e 

                                                 
12

 It turns out that when you have a cluster with multiple members, there are many different ways of distilling it 

down to a single observation (using the average or the median to calculate its center will often give very different 

results, for example).  It is also possible to impose various specific criteria at each step of the agglomeration process 

to control the shapes of the clusters that form by combining different observations.   

 



11 

 

              54    Amsterdam                         Budapest                               2         0    T 

              53    Bangkok                           Caracas                                2         0    T 

              52    Beijing                           Johannesburg                           2         0    T 

              51    Jakarta                           Kuala_Lumpur                           2         0    T 

              50    CL53                              Manila                                 3         0    T 

              49    Hong_Kong                         Mexico_City                            2         0    T 

              48    London                            New_York                               2         0    T 

              47    Melbourne                         Prague                                 2         0    T 

              46    CL51                              Santiago                               3         0    T 

              45    CL46                              Seoul                                  4         0    T 

              44    Milan                             Singapore                              2         0    T 

              43    Sao_Paulo                         Sydney                                 2         0    T 

              42    CL45                              Taipei                                 5         0    T 

              41    CL43                              Zurich                                 3         0 

              40    CL54                              Barcelona                              3    0.1826    T 

              39    Berlin                            Boston                                 2    0.1826    T 

              38    Dusseldorf                        Hamburg                                2    0.1826    T 

              37    Buenos_Aires                      CL49                                   3    0.1826    T 

              36    CL37                              Frankfurt                              4    0.1826    T 

              35    CL40                              Istanbul                               4    0.1826    T 

              34    CL50                              CL42                                   8    0.1826    T 

              33    CL34                              CL52                                  10    0.1826    T 

              32    CL33                              Los_Angeles                           11    0.1826    T 

              31    CL35                              CL47                                   6    0.1826    T 

              30    CL38                              Miami                                  3    0.1826    T 

              29    CL36                              CL44                                   6    0.1826    T 

              28    CL31                              Montreal                               7    0.1826    T 

              27    CL32                              Moscow                                12    0.1826    T 

              26    CL28                              CL27                                  19    0.1826    T 

              25    CL29                              Paris                                  7    0.1826    T 

              24    CL26                              San_Francisco                         20    0.1826    T 

              23    CL24                              CL41                                  23    0.1826    T 

              22    CL23                              CL25                                  30    0.1826    T 

              21    Chicago                           Shanghai                               2    0.1826    T 

              20    Copenhagen                        Stockholm                              2    0.1826    T 

              19    CL22                              Tokyo                                 31    0.1826    T 

              18    Madrid                            Toronto                                2    0.1826    T 

              17    CL19                              CL18                                  33    0.1826    T 

              16    CL17                              Warsaw                                34    0.1826    T 

              15    CL39                              Washington_DC                          3    0.1826 

              14    CL15                              Dallas                                 4    0.2583    T 

              13    CL16                              CL30                                  37    0.2583    T 

              12    Atlanta                           Minneapolis                            2    0.2583    T 

              11    Houston                           Munich                                 2    0.2583    T 

              10    CL14                              Rome                                   5    0.2583    T 

               9    CL10                              CL11                                   7    0.2583 

               8    CL13                              Brussels                              38    0.3652    T 

               7    CL8                               CL21                                  40    0.3652    T 

               6    CL7                               Geneva                                41    0.3652 

               5    CL12                              CL9                                    9    0.4083    T 

               4    CL6                               CL5                                   50    0.4083    T 

               3    CL4                               CL48                                  52    0.4083    T 

               2    CL3                               Osaka                                 53    0.4083 

               1    CL2                               CL20                                  55    0.6584 

 

Cluster History for the Simple Illustration. 

 

Computers are wonderful for automating the obvious:  the algorithm first puts together a whole 

bunch of cities with identical values in Table 1 – cities that appear as the same dots in the figures 

above, such as Amsterdam and Budapest, both with 9 advertising firms and 7 banking-finance 

firms.  Then it puts together about two dozen pairs of things that are exactly 0.1826 units apart; 

recall, though, that the average distance separating all of the observation pairs in the entire 55 x 

55 matrix is about 5.48 – note that “Mean Distance Between Observations” at the top.  The 

software is just expressing all of the distances in a normalized way:  a distance of 1.00 is 0.1826 

of the average distance among all pairs (0.1826 x 5.476009 = 1.00).  The procedure keeps putting 

things together through fifty-four steps:  there will be n-1 steps until all observations are 

collapsed into a single, undifferentiated mass of everything shown in the figure.  Somewhere 

between the “everything is unique” perspective of trying to study every single dot, and the 

“everything is the same” view when all of the observations are put into a single category, we can 
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choose a cluster solution that achieves a balance between the general and the specific.  The 

analyst must decide on the balance between generality (obtaining a small number of categories 

that best explain the differences among observations) and the loss of specific information.  This 

is a subjective process.  There is no single clustering method for all applications, and there is no 

single threshold that is best for choosing the cluster solution in all cases. 

 

In making these subjective decisions, one can look through the various diagnostic measures 

provided by statistical software (we can request more detail than that shown in the printout 

above), and one can also visualize how the observations are being grouped.  If we plot 

observations on a vertical axis, and scale the horizontal axis according to the distances between 

clusters, it is possible to show how different things are grouped at various thresholds. 
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Tree Diagram for the Simple Cluster Illustration.  Data Source:  Peter Taylor and D.R.F. Walker (2007).  World 

Cities and Global Firms.  Dataset 6.  Loughborough, UK:  Loughborough University, Globalization and World 

Cities Research Group. 

 

This is called a “dendrogram,” or simply a tree diagram.  Note that in the first steps, many of the 

city pairs are grouped when the distances between clusters are 0 -- the overlapping points in the 

figures above.  Then we see a series of ties when observations are grouped at that 0.1826 

threshold, and so on.  We can “slice” the dendrogram at any point we wish to obtain a cluster 

solution.  Choosing lower distance thresholds will give us a larger number of clusters, each with 

fewer members; selecting higher distance thresholds will yield fewer categories, but each with 

more members.  Again, there are no hard-and-fast rules in this process, and analysts use a variety 

of statistical guidelines or subjective standards that vary widely across discliplines.  One simple 

approach, that proves reliable for most uses, is to look for significant jumps in the distance 

measure as successive clusters are joined -- and to slice the tree diagram at one of these “natural 

breaks.” 
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Too Simplistic? 

 

Take a look again, however, at that column all the way on the right in the “cluster history” on the 

previous page:  those persistent “T” symbols mean that a lot of the cities are “ties,” because so 

many of the observations are exactly the same distance apart.  As noted above, choosing the way 

variables are measured can have a significant effect on every subsequent step of the analysis, and 

in this case it is clear that using just two simple variables measured as simple “yes/no” 

dichotomies for corporate presence, is too simplistic.  But in my defense, note that I did title this 

section ‘A Simple Introduction to Cluster Analysis.’   

 

Mapping the World-City Networks of Global Service Firms 

 

So at this point we’ll make a few adjustments to capture more of the rich nuances of corporate 

decision-making, transnational capitalist strategic thinking, and urban context.   

 

First, we’ll expand the analysis to include all 46 global, advanced producer services firms.   

 

Second, we replace the binary “presence/no-presence” variable for each firm in each city with an 

ordinal measure of the importance each global firm places on the city:  0= no presence, 1=minor 

presence, 2=medium presence, 3=major presence; these levels were defined by Taylor and his 

colleagues after analyzing annual reports for each firm, and evaluating the number of 

professionals and the levels of service provided by the companies in each location.   

 

Third, we’ll have to use a slightly more refined bag of statistical tricks to measure the 

multidimensional statistical distances with the ordinal, ranked measurement scale, and we’ll also 

choose a few different options to display the results of the statistical analysis. 

 

If you’re interested in the full code for the analysis, see the links on the class web page, or go 

directly to 

http://www.geog.ubc.ca/~ewyly/g350/wc_sas.txt 

 

The SAS code produces a lot of details, and the output file is available at 

http://www.geog.ubc.ca/~ewyly/g350/wc_lst.txt 

 

Part of this output is reproduced on the next page.  The letters correspond to sections on the 

following pages that show you how the results can be interpreted. 

 
 

                                                   The SAS System                22:09 Wednesday, October 10, 2007   1 

 

                                                 The CLUSTER Procedure 

                                         Centroid Hierarchical Cluster Analysis 

 

                              Root-Mean-Square Distance Between Observations   = 0.387347 

 

 

                                                    Cluster History 

                                                                                                              Norm  T 

                                                                                                              Cent  i 

     NCL  -----------------------Clusters Joined------------------------    FREQ   SPRSQ   RSQ   PSF  PST2    Dist  e 

 

      A                                                                        B            E 

 

      54  Copenhagen                      Stockholm                            2  0.0008  .999  22.4    .   0.2133 

      53  London                          New_York                             2  0.0010  .998  20.5    .   0.2354 

      52  Jakarta                         Seoul                                2  0.0011  .997  19.5    .   0.2481 

      51  Berlin                          Munich                               2  0.0014  .996  18.0    .   0.2763 
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      50  Caracas                         Santiago                             2  0.0015  .994  17.2    .    0.282 

C     49  Buenos_Aires                    CL50                                 3  0.0019  .992  15.9   1.3  0.2787 

      48  CL49                            Sao_Paulo                            4  0.0021  .990  14.9   1.2  0.2731 

      47  Budapest                        Prague                               2  0.0016  .989  15.0    .   0.2936 

      46  CL52                            Taipei                               3  0.0023  .986  14.3   2.0  0.3039 

      45  CL46                            Manila                               4  0.0025  .984  13.7   1.5   0.301 

      44  CL48                            Mexico_City                          5  0.0030  .981  13.0   1.7  0.3185 

      43  Atlanta                         Minneapolis                          2  0.0023  .978  13.0    .   0.3492 

      42  CL44                            Zurich                               6  0.0043  .974  12.0   2.0  0.3734 

      41  CL45                            Kuala_Lumpur                         5  0.0042  .970  11.3   2.1  0.3746 

      40  CL51                            Osaka                                3  0.0036  .966  11.1   2.5  0.3819 

      39  Amsterdam                       Toronto                              2  0.0029  .964  11.1    .   0.3947 

      38  Dusseldorf                      Hamburg                              2  0.0031  .960  11.1    .   0.4089 

      37  CL41                            Shanghai                             6  0.0052  .955  10.7   2.0   0.409 

      36  CL47                            Warsaw                               3  0.0044  .951  10.5   2.8  0.4219 

      35  CL43                            Dallas                               3  0.0045  .946  10.4   2.0  0.4268 

      34  Bangkok                         CL37                                 7  0.0063  .940  10.0   2.1  0.4471 

      33  Barcelona                       Madrid                               2  0.0039  .936  10.1    .   0.4615 

      32  CL54                            Johannesburg                         3  0.0060  .930   9.9   7.2  0.4948 

      31  CL42                            CL32                                 9  0.0167  .913   8.4   6.0  0.4754 

      30  CL39                            CL31                                11  0.0146  .899   7.6   3.4  0.4912 

      29  CL30                            CL34                                18  0.0373  .861   5.8   7.9  0.4851 

      28  Hong_Kong                       Singapore                            2  0.0047  .857   6.0    .   0.5031 

      27  CL35                            CL40                                 6  0.0144  .842   5.8   4.9  0.5097 

      26  CL27                            Houston                              7  0.0081  .834   5.8   1.5  0.5043 

      25  CL29                            CL33                                20  0.0178  .816   5.6   2.7  0.5162 

      24  CL26                            Montreal                             8  0.0088  .808   5.7   1.5  0.5223 

      23  CL24                            Boston                               9  0.0086  .799   5.8   1.4  0.5114 

      22  CL36                            Istanbul                             4  0.0076  .791   6.0   2.5  0.5225 

      21  CL25                            Melbourne                           21  0.0100  .781   6.1   1.4  0.5319 

      20  Frankfurt                       Paris                                2  0.0054  .776   6.4    .   0.5408 

      19  CL20                            Tokyo                                3  0.0076  .768   6.6   1.4  0.5534 

      18  CL19                            CL28                                 5  0.0138  .755   6.7   2.3  0.5571 

      17  CL23                            CL38                                11  0.0206  .734   6.6   3.4  0.5827 

      16  CL17                            Rome                                12  0.0114  .723   6.8   1.5  0.5799 

      15  CL21                            Sydney                              22  0.0125  .710   7.0   1.7   0.595 

      14  CL16                            Geneva                              13  0.0121  .698   7.3   1.5   0.596 

      13  CL15                            CL22                                26  0.0489  .649   6.5   6.9  0.6245 

      12  CL18                            Milan                                6  0.0123  .637   6.9   1.6  0.6309 

      11  CL13                            Beijing                             27  0.0142  .623   7.3   1.6  0.6313 

      10  CL11                            CL14                                40  0.1300  .493   4.9  14.8  0.6323 

       9  CL10                            Chicago                             41  0.0158  .477   5.2   1.3  0.6615 

       8  CL12                            CL53                                 8  0.0267  .450   5.5   3.6  0.6927 

       7  CL9                             Miami                               42  0.0205  .430   6.0   1.7  0.7523 

       6  Brussels                        CL8                                  9  0.0193  .410   6.8   1.9  0.7654 

       5  CL7                             San_Francisco                       43  0.0234  .387   7.9   1.9   0.805 

       4  CL5                             Moscow                              44  0.0275  .359   9.5   2.2  0.8723 

       3  CL4                             CL6                                 53  0.2708  .089   2.5  21.6  0.9893 

       2  CL3                             Los_Angeles                         54  0.0310  .058   3.2   1.8  0.9241 

D      1  CL2                             Washington_DC                       55  0.0576  .000    .    3.2  1.2581 

 
Cluster History for Full Analysis of Producer Services Firms. 

 

Interpreting the Cluster Results 

 

Note several features of the cluster history.   

 

First, the column labeled A lists the number of clusters at each step of the process of putting 

things together.  In the first step, the algorithm examines the similarity measures for all 55 cities, 

and groups one pair together on the basis of their very similar profile in terms of all 46 global 

services firms.  Copenhagen and Stockholm are grouped together, creating one category with 

two Nordic metropoli (see the column labeled B), leaving 53 unique categories each with one 

city.
13

  The procedure then goes on to join other pairs of cities that are quite similar from the 

perspective of the advanced service firms at the leading edge of economic globalization:  London 

                                                 
13

 Beyond the first few steps, the procedure can take many different directions, because there’s a large menu of 

different flavors of cluster analysis.  The flavors are different because after a cluster is formed with a few 

observations, there are many different ways of treating it in subsequent distance measurements.  In the simple 

example used to produce Output 1, I used single linkage, which simply measures the minimum distance between 

each member of a cluster and all other observations.  But there are other approaches -- such as calculating the 

average, or ‘centroid,’ of each cluster of observations, and then using this to measure distances to other things.  

There are dozens of variations to choose from, and each specific technique has a particular mix of advantages and 

limitations.  There is no single correct or best technique.  The choice of specific clustering techniques depends on 

the particular kinds of questions being asked, and the features of a particular set of data. 
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and New York, Jakarta and Seoul, Berlin and Munich, Caracas and Santiago, and then in the next 

step (see label C), the combined Caracas-Santiago cluster is joined with Buenos Aires, and then 

Sao Paulo.   

 

Second, note that the grouping of cities together can continue until everything is put together.  At 

the very last step (see label D), a monstrous cluster with fifty-four cities is joined to the very last 

holdout, Washington, DC.  Individual cities that are only grouped in the very last stages of a 

cluster analysis can be interpreted as particularly unique, since they are farthest away from other 

sets of things that have been put into separate, coherent categories.  In this analysis, then, it 

means that the global-services firm locations are the most unusual and difficult to classify for 

Washington, DC, Los Angeles, Moscow, San Francisco, Miami, Chicago, Beijing ... how far up 

to continue this kind of judgment is itself a matter of subjective judgment.  By contrast, the cities 

at the very top of the list -- the ones that are put together first -- can be understood as almost 

identical from the perspective of the entire set of 46 services firms. 

 

Third, note the column labeled E, where “RSQ” appears.  This is an abbreviation for R
2
, a 

widely-used measure of association, the coefficient of determination.
14

  R
2
 ranges from 0 to 1, 

and measures the strength of association, from no relation (0) to a perfect fit (1.00).  In this case, 

it provides a measure of how much of the original variation amongst different elements of the set 

of 55 cities is captured by distinctions between the different clusters formed at each step of the 

classification; R
2
 is thus one important measure of the overall ‘fit’ of the classification. 

Note that in the first few steps of the analysis, we give up very little accuracy by putting together 

Copenhagen and Stockholm, London and New York, Jakarta and Seoul, Berlin and Munich, 

Caracas and Santiago; after all these steps, the overall classification still captures more than 99 

percent of the total variance in the original dataset.  But when you get down to the bottom of the 

list, the fit gets much weaker, because we are putting things into ever larger and more diverse 

categories, all the way until the R
2
 drops to 0.  Note that when we put Moscow together with a 

large cluster that already has San Francisco, Chicago, Miami, and a bunch of other cities, the fit 

suddenly drops from 36 percent to 9 percent.  One of the subjective aspects of cluster analysis 

involves the choice of where to draw the line between the general and specific.  Before you do 

the cluster analysis, every city is treated as unique.  But suppose we don’t really have time to do 

in-depth research on 55 unique cases, and we want to have a smaller, more manageable number 

of categories, each of which has a set of cities that are similar to one another in important ways, 

despite some of their differences?  This requires us to look at the number of clusters, and make a 

judgment call on how many categories best preserve the big differences between distinct types of 

cities, without making the categories so large and diverse that they prove worthless. 

 

In graphical terms, then, it’s a subjective judgment where to ‘slice’ the tree diagram that appears 

on the next page.  Look carefully at the tree diagram:  it helps you visualize the points I made 

above about cities that are substitutes, versus those that are very unique from the perspective of 

global services firms.  Cities that are joined up very quickly have very short lines extending from 

the left side of the diagram -- see Copenhagen and Stockholm, for example.  But note the really 

long line from Washington, DC, which goes all the way across the graph, because DC cannot be 

joined up to anything else until the very last step of the procedure. 

 

                                                 
14

 Another widely-used measure is the square root of R
2
, or R, which is known as the correlation coefficient. 
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Where to slice this diagram is a judgment call, but it’s not a completely arbitrary decision, and 

some of the other statistical details in the output above provide guidance.  There are logical break 

points in the way the classification fit changes at certain steps.  If we group the entire set of 55 

cities into 18 categories, we can still preserve 75 percent of the information in the original 

dataset.  Depending on the story we wish to tell, 18 categories might be reasonable, or it might 

still be unwieldy.  If we go down to 11 categories, we can still preserve three-fifths of the 

original information (note the R
2 

 of 62.3 percent), and this gets us to a much more easily-

understood number of types of global cities.  If we really want to reduce the number of 

categories, however, and just capture the broadest outlines of big differences between various 

categories, then we could go down to 4 types:  this still manages to preserve 36 percent of the 

original information despite the massive reduction from 55 to 4. 

 

Again, it is important to emphasize that there is no single correct classification.  Subjectivity and 

judgment matter, a lot.  Thus I’ve produced output that lists the cities, the clusters they are in, 

and the data for the 46 service firms -- all for each of these three levels of specificity.  The output 

includes the cluster history, and then the cluster membership for 18 groups, then for 11 groups, 

and then for 4 groups.  See  

 

http://www.geog.ubc.ca/~ewyly/g350/wc_lst.txt 

 

Note that for any classification you choose, different groups will have wildly different numbers 

of cities.  Cities appearing in their own category are unique from the perspective of these firms.  

Cities that are put together in very large groups, by contrast, have important similarities in their 

strategic role for advanced, globally-oriented producer services firms. 
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Tree Diagram for Global Service Firms and World Cities.  Data Source:  Peter Taylor and D.R.F. Walker (2007).  World Cities and Global Firms.  Dataset 6.  

Loughborough, UK:  Loughborough University, Globalization and World Cities Research Group. 
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The World from YVR.  Vancouver International Airport, looking West, August 2011 (Elvin Wyly).  Most of the 

earliest cities in human history emerged along river floodplains.  In the age of European exploration and 

colonialism, a strategic seaport location was crucial.  In the industrial age, cities turned towards the expanding steel 

ribbons of regional and continental railroad networks.  In the late industrial age of the twentieth century, cities began 

turning away from their seaports and rail lines, and reorienting themselves towards more dispersed patterns enabled 

by trucks and highway networks.  And in the jet age that has been accelerating since the 1950s, cities have been 

reorienting themselves to the timing and rhythms of national and international air travel.  In 2010, commercial 

airlines carried at least 2.42 billion passengers.  At any given time, hundreds of thousands of people are aloft in 

airplanes around the world.  International Air Transport Association (2011).  IATA 2011 Annual Report.  

Washington, DC:  International Air Transport Association, p. 16. 

 

An Alternative View of World-City Networks 

 

Important as they may be, the decisions of multinational producer-services firms offer only one 

view of the dynamic interrelations between economy, culture, and politics in world-city 

networks.  As John Short and his colleagues have emphasized, there are “a number of criteria 

that can be used to identify the position of individual cities within the global urban hierarchy.”
15

  

Short and his colleagues provide a delightfully diverse illustration of the effects of choosing 

particular indicators on the resulting world-city hierarchies; they select a range of indicators to 

try to capture five main conceptual themes: 

 

                                                 
15

 Short et al., “The Dirty Little Secret,” p. 698. 
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Airline connections are 

valuable indicators of world-

city networks, because they 

 

1.  are one of the few 

available measures of direct 

transnational urban flows. 

2.  are the most visible 

manifestation of world city 

interaction. 

3.  reflect the continued 

importance of face-to-face 

meetings among elite 

decision-makers. 

4.  capture the preferred mode 

of inter-city travel for 

migrants, tourists, and the 

elites of the transnational 

capitalist class. 

5.  are actively sought out by 

cities aspiring to world-city 

status. 

 1.  Major financial centers. 

 2.  Corporation headquarters. 

 3.  Telecommunications nodes. 

 4.  Transportation nodes. 

 5.  Sites of global spectacles. 

 

And yet even this range of themes does not quite capture everything we should be paying 

attention to.  Crucially, none of these indicators explicitly measures interaction between cities:  

this is one of the primary reasons Taylor and his colleagues used corporate locational decisions 

to infer relationships between cities.  But another group of talented scholars has gone further.  

Several years ago, Ben Derudder and Frank Witlox negotiated to obtain access to the Marketing 

Information Data Transfer (MIDT) database.
16

  The MIDT is a shared resource among most of 

the major airlines and travel agents around the 

world, and provides information on the number of 

passengers traveling between different airport 

origin-destination pairs.  This is an extraordinary 

dataset.  In contrast to the vast majority of 

economic and social indicators used in social 

research, this dataset a) measures relations between 

cities, not nation-states, b) includes a wide range of 

individuals involved in transnational networks (i.e., 

not just elite first-class travelers, but also casual 

tourists as well as working-class immigrants 

returning home from time to time to see their 

families), and c) provides direct information on the 

relations between particular urban locations.  

Derudder and Witlox identify five reasons why 

airline connections are crucial for an understanding 

of contemporary global-city relations:      

 

“(1) Global airline flows are one of the few 

indices available of transnational flows of 

interurban connectivity. 

 

(2) Air networks and their associated 

infrastructure are the most visible 

manifestation of world city interaction. 

 

(3) Great demand still exists for face-to-

face relationships, despite the global 

telecommunications revolution. 

 

(4) Air transport is the preferred mode of 

intercity movement for the transnational 

                                                 
16

 Ben Derudder and Frank Witlox (2005), “An Appraisal of the Use of Airline Data in Assessing the World City 

Network:  A Research Note on Data.”  Urban Studies 42(13), 2371-2388. 
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capitalist class, migrants, tourists, and high-value goods. 

 

(5) Airline links are an important component of a city's aspirations to world city 

status.”
17

 

 

Derudder and Witlox have invested an enormous amount of work to 'clean' the data -- removing 

the passengers who are simply “passing through” an airport on a connecting flight, for example, 

so that it is possible to identify the number of people flying between two origin-destination pairs.  

Not long ago, I met Witlox at a conference, and he surprised me by offering to share this 

wonderfully valuable dataset for teaching purposes.  Lomme Devriendt, his research assistant, 

prepared an extract from their dataset for all cities with at least 1.5 million airline passenger trips 

-- inbound and outbound trips combined -- in a year.  Here's a glance at the first few rows and 

columns of the entire worksheet, which provides flows between 155 cities around the world: 

 
Albuquerque Amsterdam Athens Atlanta Auckland Austin Baltimore Bangkok

Albuquerque

Amsterdam 2496

Athens 630 130170

Atlanta 29007 40311 11403

Auckland 277 8713 735 1865

Austin 14379 4047 808 64369 595

Baltimore 40118 6649 2427 170755 942 47841

Bangkok 345 135623 26523 7471 52359 1395 2214  
 

Sample of the 155x155 Airline Passenger Matrix.  Data Source:  Data courtesy of Frank Witlox and Ben 

Derudder; for details, see Ben Derudder and Frank Witlox (2005), “An Appraisal of the Use of Airline Data in 

Assessing the World City Network:  A Research Note on Data.”  Urban Studies 42(13), 2371-2388.  Data used here 

with permission of the authors. 

 

Note that this is just a non-directional flow matrix:  we know that 52,359 people traveled by 

commercial airline during a year between Bangkok and Auckland, New Zealand -- but we do not 

know how many people went from Bangkok to Auckland, and how many went the other way.  If 

we did, then we could put separate figures above and below the “diagonal” in the matrix.   

 

I used the entire dataset, for the 155 cities around the world, to perform a cluster analysis along 

the same lines as for the producer services firms outlined above.  (See “Interpreting the Cluster 

Results” above for reminders on how to make sense of this.)   

 
                                                                                     22:25 Sunday, October 19, 2008  12 

 

                                                 The CLUSTER Procedure 

                                            Average Linkage Cluster Analysis 

 

                              Root-Mean-Square Distance Between Observations   =  2114262 

 

 

                                                    Cluster History 

                                                                                                              Norm  T 

                                                                                                               RMS  i 

     NCL  -----------------------Clusters Joined------------------------    FREQ   SPRSQ   RSQ   PSF  PST2    Dist  e 

 

     154  Hong_Kong                       Taipei                               2  0.0000  1.00    .     .        0 

     153  London                          New_York                             2  0.0004  1.00  33.1    .   0.2472 

     152  Melbourne                       Sydney                               2  0.0005  .999  22.6    .   0.2722 

     151  Milan                           Rome                                 2  0.0005  .999  18.9    .   0.2859 

     150  Cape_Town                       Johannesburg                         2  0.0008  .998  15.3    .   0.3461 

     149  Nice                            Paris                                2  0.0013  .997  11.6    .   0.4477 

     148  Bangkok                         Singapore                            2  0.0018  .995   9.0    .   0.5268 

     147  Rio_de_Janeiro                  Sao_Paulo                            2  0.0019  .993   7.6    .   0.5417 

     146  CL153                           Los_Angeles                          3  0.0027  .990   6.2   6.8   0.572 

     145  Barcelona                       Madrid                               2  0.0023  .988   5.6    .   0.5905 

                                                 
17

 Derudder and Witlox, p. 2376. 
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     144  Jeddah                          Riyadh                               2  0.0023  .986   5.2    .   0.5994 

     143  Montreal                        Toronto                              2  0.0024  .983   4.9    .   0.6083 

     142  Mexico_City                     Monterrey                            2  0.0027  .980   4.6    .   0.6471 

     141  Berlin                          Munich                               2  0.0030  .977   4.3    .    0.678 

     140  CL146                           San_Francisco                        4  0.0038  .974   4.0   2.5  0.6859 

     139  Seoul                           Tokyo                                2  0.0034  .970   3.8    .   0.7193 

     138  CL148                           CL154                                4  0.0060  .964   3.3   6.7  0.7315 

     137  Chicago                         CL140                                5  0.0042  .960   3.2   1.8  0.7355 

     136  CL145                           Palma_De_Mallorca                    3  0.0041  .956   3.0   1.8  0.7522 

     135  CL150                           Durban                               3  0.0047  .951   2.9   6.0  0.7539 

     134  Guadalajara                     Tijuana                              2  0.0037  .947   2.8    .   0.7558 

     133  Brisbane                        CL152                                3  0.0049  .943   2.7  10.1  0.7631 

     132  Dubai                           Mumbai                               2  0.0038  .939   2.7    .   0.7645 

     131  Catania                         CL151                                3  0.0049  .934   2.6   9.2  0.7647 

     130  CL141                           Frankfurt                            3  0.0041  .930   2.6   1.4  0.7658 

     129  Dallas                          Houston                              2  0.0038  .926   2.5    .   0.7662 

     128  CL137                           Las_Vegas                            6  0.0046  .921   2.5   1.7  0.7728 

     127  Athens                          Thessaloniki                         2  0.0039  .917   2.5    .   0.7741 

     126  CL149                           Toulouse                             3  0.0048  .913   2.4   3.7  0.7781 

     125  Caracas                         Miami                                2  0.0040  .909   2.4    .    0.783 

     124  Boston                          Washington_DC                        2  0.0042  .904   2.4    .   0.8062 

     123  Orlando                         San_Juan                             2  0.0042  .900   2.4    .   0.8074 

     122  Göteborg                        Stockholm                            2  0.0044  .896   2.3    .    0.823 

     121  CL143                           Vancouver                            3  0.0052  .891   2.3   2.1  0.8298 

     120  CL124                           CL128                                8  0.0066  .884   2.2   2.0  0.8374 

     119  Brasilia                        CL147                                3  0.0055  .879   2.2   2.9  0.8402 

     118  CL130                           Hamburg                              4  0.0052  .873   2.2   1.5   0.843 

     117  Atlanta                         CL120                                9  0.0054  .868   2.2   1.4  0.8511 

     116  CL138                           CL139                                6  0.0078  .860   2.1   2.8  0.8538 

     115  Buenos_Aires                    Santiago                             2  0.0047  .856   2.1    .    0.855 

     114  CL132                           New_Delhi                            3  0.0051  .850   2.1   1.3  0.8569 

     113  CL134                           CL142                                4  0.0065  .844   2.0   2.0  0.8653 

     112  CL118                           Düsseldorf                           5  0.0053  .839   2.0   1.3  0.8654 

     111  Cairo                           Kuwait                               2  0.0049  .834   2.0    .   0.8685 

     110  Auckland                        CL133                                4  0.0061  .828   2.0   2.3  0.8723 

     109  Marseilles                      CL126                                4  0.0059  .822   2.0   1.9  0.8742 

     108  CL131                           Palermo                              4  0.0062  .816   1.9   2.3  0.8786 

     107  CL116                           Manila                               7  0.0059  .810   1.9   1.6  0.8793 

     106  CL117                           CL129                               11  0.0077  .802   1.9   1.9  0.8846 

     105  Calgary                         CL121                                4  0.0057  .796   1.9   1.5  0.8854 

     104  Lisbon                          Porto_Oporto                         2  0.0053  .791   1.9    .    0.901 

     103  Dammam                          CL144                                3  0.0063  .785   1.9   2.7  0.9024 

     102  CL106                           CL123                               13  0.0077  .777   1.8   1.8  0.9053 

     101  Copenhagen                      Oslo                                 2  0.0054  .772   1.8    .   0.9089 

     100  Bogota                          CL125                                3  0.0058  .766   1.8   1.5  0.9095 

      99  Minneapolis                     Phoenix                              2  0.0054  .760   1.8    .   0.9135 

      98  San_Jose_(CA)                   Santa_Ana                            2  0.0054  .755   1.8    .   0.9146 

      97  CL107                           Kuala_Lumpur                         8  0.0064  .748   1.8   1.5   0.915 

      96  CL112                           Cologne                              6  0.0061  .742   1.8   1.4   0.915 

      95  CL102                           Denver                              14  0.0062  .736   1.8   1.3  0.9178 

      94  CL108                           Naples                               5  0.0064  .730   1.8   1.7  0.9185 

      93  Fort_Lauderdale                 Nassau                               2  0.0055  .724   1.8    .   0.9192 

      92  CL95                            Detroit                             15  0.0064  .718   1.8   1.3  0.9307 

      91  Honolulu                        Osaka                                2  0.0056  .712   1.8    .   0.9311 

      90                                  Manchester                           2  0.0056  .707   1.8    .   0.9314 

      89  CL136                           Malaga                               4  0.0068  .700   1.7   2.1  0.9314 

      88  Chennai                         Colombo                              2  0.0057  .694   1.7    .   0.9331 

      87  San_Diego                       Seattle                              2  0.0057  .688   1.7    .   0.9342 

      86  CL105                           Ottawa                               5  0.0064  .682   1.7   1.4  0.9343 

      85  CL92                            CL99                                17  0.0072  .675   1.7   1.5  0.9344 

      84  Birmingham                      Dublin                               2  0.0057  .669   1.7    .   0.9349 

      83  CL97                            Jakarta                              9  0.0067  .662   1.7   1.5   0.937 

      82  CL110                           Perth                                5  0.0069  .656   1.7   1.8   0.939 

      81  CL94                            Turin                                6  0.0066  .649   1.7   1.5  0.9414 

      80  CL101                           CL122                                4  0.0067  .642   1.7   1.4  0.9425 

      79  Baltimore                       Providence                           2  0.0058  .637   1.7    .   0.9437 

      78  CL111                           CL103                                5  0.0075  .629   1.7   1.7  0.9441 

      77  CL96                            Stuttgart                            7  0.0065  .622   1.7   1.4  0.9443 

      76  CL85                            Philadelphia                        18  0.0065  .616   1.7   1.3  0.9444 

      75  CL76                            CL87                                20  0.0073  .609   1.7   1.4  0.9504 

      74  Geneva                          Zurich                               2  0.0059  .603   1.7    .   0.9532 

      73  CL83                            Shanghai                            10  0.0068  .596   1.7   1.4  0.9535 

      72  CL89                            Brussels                             5  0.0068  .589   1.7   1.5  0.9554 

      71  CL100                           Lima                                 4  0.0064  .583   1.7   1.3  0.9555 

      70  CL119                           CL115                                5  0.0084  .574   1.7   2.1  0.9555 

      69  Kansas_City                     St_Louis                             2  0.0059  .568   1.7    .   0.9559 

      68  Cancun                          CL113                                5  0.0069  .561   1.7   1.6  0.9564 

      67  CL90                            CL84                                 4  0.0062  .555   1.7   1.1  0.9565 

      66  CL80                            Helsinki                             5  0.0062  .549   1.7   1.1  0.9577 

      65  CL75                            Tampa                               21  0.0066  .542   1.7   1.3  0.9581 

      64  Ontario_CA                      Sacramento                           2  0.0060  .536   1.7    .   0.9587 

      63  CL78                            CL114                                8  0.0091  .527   1.7   1.8  0.9615 

      62  CL81                            Venice                               7  0.0068  .521   1.7   1.4   0.963 

      61  CL73                            Beijing                             11  0.0070  .514   1.7   1.4  0.9668 

      60  Portland                        CL98                                 3  0.0063  .507   1.7   1.2  0.9668 

      59  CL67                            Edinburgh                            5  0.0062  .501   1.7   1.1  0.9671 

      58  CL65                            CL69                                23  0.0075  .494   1.7   1.4  0.9672 

      57  Lyons                           CL109                                5  0.0073  .486   1.7   1.8  0.9681 

      56  CL77                            Vienna                               8  0.0069  .479   1.7   1.4  0.9697 

      55  CL58                            New_Orleans                         24  0.0068  .473   1.7   1.2   0.974 

      54  Hartford                        West_Palm_Beach                      2  0.0062  .466   1.7    .   0.9753 

      53  CL55                            CL93                                26  0.0080  .458   1.7   1.5  0.9757 

      52  CL61                            CL91                                13  0.0082  .450   1.7   1.6  0.9762 

      51  CL63                            Manama                               9  0.0067  .443   1.7   1.2  0.9766 

      50  CL53                            Raleigh_Durham                      27  0.0068  .437   1.7   1.2  0.9782 
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      49  CL72                            CL104                                7  0.0083  .428   1.7   1.6  0.9785 

      48  CL71                            Santo_Domingo                        5  0.0067  .422   1.7   1.2  0.9791 

      47  CL79                            Cleveland                            3  0.0064  .415   1.7   1.1  0.9795 

      46  CL50                            Salt_Lake_City                      28  0.0068  .409   1.7   1.2  0.9801 

      45  CL46                            CL47                                31  0.0080  .401   1.7   1.4   0.981 

      44  Istanbul                        Tel_Aviv                             2  0.0063  .394   1.7    .   0.9815 

      43  CL59                            Glasgow                              6  0.0065  .388   1.7   1.1   0.982 

      42  CL49                            CL57                                12  0.0113  .377   1.7   2.1  0.9827 

      41  CL56                            CL74                                10  0.0079  .369   1.7   1.5  0.9831 

      40  CL45                            CL60                                34  0.0083  .360   1.7   1.4  0.9838 

      39  Bologna                         CL62                                 8  0.0071  .353   1.7   1.4  0.9844 

      38  Beirut                          CL51                                10  0.0068  .346   1.7   1.2  0.9852 

      37  CL48                            San_José_(CR)                        6  0.0067  .340   1.7   1.2  0.9852 

      36  Budapest                        Prague                               2  0.0063  .333   1.7    .   0.9867 

      35  CL82                            CL52                                18  0.0143  .319   1.7   2.7  0.9875 

      34  CL40                            Indianapolis                        35  0.0068  .312   1.7   1.1  0.9875 

      33  CL127                           CL41                                12  0.0094  .303   1.7   1.7  0.9877 

      32  CL34                            Columbus                            36  0.0068  .296   1.7   1.1  0.9886 

      31  CL32                            Pittsburgh                          37  0.0068  .289   1.7   1.1  0.9897 

      30  CL38                            CL88                                12  0.0078  .282   1.7   1.3    0.99 

      29  CL37                            CL70                                11  0.0101  .272   1.7   1.8  0.9906 

      28  CL33                            CL42                                24  0.0122  .259   1.6   2.1  0.9908 

      27  CL31                            CL86                                42  0.0134  .246   1.6   2.3  0.9919 

      26  CL27                            CL54                                44  0.0073  .239   1.6   1.2  0.9939 

      25  CL43                            CL28                                30  0.0093  .229   1.6   1.5  0.9943 

      24  CL36                            Warsaw                               3  0.0065  .223   1.6   1.0  0.9944 

      23  CL26                            Austin                              45  0.0068  .216   1.7   1.1  0.9947 

      22  CL23                            Charlotte                           46  0.0068  .209   1.7   1.1  0.9954 

      21  CL22                            Nashville                           47  0.0068  .203   1.7   1.1  0.9956 

      20  CL25                            CL39                                38  0.0131  .190   1.7   2.2  0.9964 

      19  CL21                            Cincinnati                          48  0.0068  .183   1.7   1.1  0.9965 

      18  CL19                            San_Antonio                         49  0.0068  .176   1.7   1.1  0.9972 

      17  CL18                            Milwaukee                           50  0.0068  .169   1.8   1.1   0.998 

      16  CL24                            Moscow                               4  0.0065  .163   1.8   1.0  0.9981 

      15  CL20                            CL44                                40  0.0070  .156   1.8   1.1  0.9982 

      14  CL17                            Jacksonville                        51  0.0068  .149   1.9   1.1  0.9988 

      13  CL15                            CL66                                45  0.0103  .139   1.9   1.7  0.9996 

      12  CL14                            Memphis                             52  0.0068  .132   2.0   1.1  0.9998 

      11  CL12                            Fort_Myers                          53  0.0068  .125   2.1   1.1  1.0004 

      10  CL11                            CL64                                55  0.0076  .117   2.1   1.2  1.0006 

       9  CL13                            CL16                                49  0.0074  .110   2.3   1.2   1.001 

       8  Albuquerque                     CL10                                56  0.0068  .103   2.4   1.1  1.0018 

       7  CL29                            CL68                                16  0.0124  .091   2.5   2.2  1.0022 

       6  CL9                             Hanover                             50  0.0067  .084   2.7   1.1  1.0029 

       5  CL8                             CL7                                 72  0.0149  .069   2.8   2.4  1.0039 

       4  CL35                            CL30                                30  0.0156  .054   2.9   2.7  1.0047 

       3  CL5                             CL6                                122  0.0200  .034   2.6   3.2  1.0064 

       2  CL3                             CL4                                152  0.0191  .015   2.3   3.0  1.0076 

       1  CL2                             CL135                              155  0.0146  .000    .    2.3  1.0089 
Cluster History for World-City Airline Passenger Flows. 

 

There are logical break points in the way the classification fit changes at key steps.  If we group 

the entire set of 155 cities into 64 categories, we can preserve 53.6 percent of the information in 

the original dataset.  If we reduce this to 36 groups, we retain 33.3 percent.  If we try to 

summarize all of the global flows in 21 groups, we can capture just over 20 percent of the total 

variation.  Again, remember that there is no single “correct” classification.  Subjectivity and 

judgment make the story really interesting.  The interesting parts are when you find cities that 

connect to cities across international borders before they connect to places within their own 

countries.  Note that in the second step, London connects to New York -- well before either 

London or New York connect to cities in the United Kingdom or the U.S, respectively.  By 

contrast, note that cluster 143 is formed by joining Montreal and Toronto, and then the next 

apperance of a Canadian city is when the Montreal-Toronto cluster joins with Vancouver to form 

cluster 121.  Then, looking farther down the list, Calgary joins to the Montreal-Toronto-

Vancouver cluster.  This kind of sequence -- uninterrupted by the Canadian city clusters joining 

with European, Asian, or United States airports -- indicates a very strong and cohesive national 

travel network.  That's not to say that Canadian cities don't have strong international linkages; 

but the domestic linkages are stronger, binding together Montreal, Toronto, Vancouver, and 

Calgary through many thousands of arrivals and departures. 

 

I've produced an output that lists the cities grouped into each cluster, according to the three 

classifications -- 64 groups, 36 groups, and 21 groups. 
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http://www.geog.ubc.ca/~ewyly/g350/air_lst.txt 

 

The matrix of all airline passenger flows between city pairs is available at 

 

http://www.geog.ubc.ca/~ewyly/Private/g350/data/derudder.xls 

 

Your Job 

 

I would like you to use the results of the cluster analyses to describe, interpret, and explain 

relations between any subset of the global cities described in this background paper.  You can 

choose any subset you’d like to explore; but consider using the results of the cluster analysis to 

help guide you in your decision.  Don’t choose cities solely because you’re familiar with them:  

part of the purpose of this project is to gain an appreciation of how global service firms may 

view the world’s cities very differently from the way you and I might understand them, and how 

flows of airline passengers might give us a few surprises on interurban linkages.  On the other 

hand, if you know a lot about Jakarta and Seoul, and you also know Caracas and Santiago -- 

cities that are put into their own distinctive category pairs, and have very close similarities in 

terms of their service firm profiles -- then it would be a good idea to capitalize on what you 

know as you describe the differences between these cities in relation to world-cities theory. 

 

You have several options for designing an interesting study.  Four options spring immediately to 

mind, but there are certainly many other possibilities.   

 

First, you could undertake a careful comparison of the overall classification results in relation to 

other theories and analyses in the world-cities literature.  How do the results compare with the 

map produced by Friedmann, the many studies produced by Saskia Sassen, or the many other 

studies and rankings produced by so many other world-cities researchers?  What do the 

differences tell us about different theories and measures of globalization and its urban 

dimensions?   

 

Second, you could choose one or a few categories, and tell a story about how despite all the 

differences between the cities, they are regarded in very similar terms by the global service 

firms, or they are bound together despite distance by intense flows of airline travel.   

 

Third, you could choose two or more individual cities, each of them in different categories, and 

analyze recent trends in how their ‘global city status’ has been changed by producer-services 

firms or airline networks.  Taylor and his colleagues produced theit dataset several years ago, 

and so there have been a number of changes in the organization of many of the firms, and also in 

the competitive dynamics of various cities.  The air travel data Derudder obtained is also several 

years old, and there have doubtless been considerable changes in airline networks.   

 

Fourth, you could choose one or more specific companies used in this analysis, and then 

examine how they portray themselves -- such as in advertisements in major financially-oriented 

newspapers -- in different cities in which they have a presence; how do they modify their image 
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to the audiences associated with the financial elite in different settings?
18

  If you're focusing on 

the airline networks, you could choose a large national airline company to conduct a case study 

of one firm's competitive strategies in responding to (and reinforcing) global connections. 

 

There are many other options, and you are encouraged to be creative.  You do not need to 

perform any statistical calculations in your project; on the other hand, I would not recommend 

that you completely ignore all of the work I’ve put into this background paper, either.  Use the 

results of the cluster analysis to help you formulate hypotheses, and to choose which city or 

cities and/or companies to do further research on. 

 

Regardless of which path you choose, after reading this background paper, you should briefly 

review the lecture notes on “Globalization and World Cities.”  I also recommend that you skim 

through relevant sections of the course textbook, and perhaps take a look at one or more of the 

additional recommended readings.  Once you’ve made a tentative choice on which subset of 

cities you wish to examine, search for academic articles in refereed journals, as well as any 

reports you can track down about or by any of the specific service firms or airline destinations 

used in this analysis.  Also search the financial press:  once you decide on the cities you wish to 

investigate, use them as keywords in news search indices (Lexis-Nexis, Google News, others) 

combined with the names of prominent producer-services companies.  These kinds of searches 

are extremely valuable for tracking down quotes from high-level corporate officials explaining 

their thinking about where to maintain a presence (or expand).  Finally, you should draft a paper 

presenting your findings and interpretations.  Any information that is not your own should be 

cited as a reference in your paper (I recommend footnotes).  Plagiarism is something that should 

not even cross your mind:  I’m interested in your creativity and insight as you interpret the 

dynamics of global service firms, airline passenger flows, and world-city network formation.  

Your paper should conform to the word limits specified in the course syllabus; references and 

any other material in footnotes or endnotes do not count against this word limit.  Figures and 

tables also do not count in the word limit.  Use the examples in this background paper as an 

example on how to provide source information.  Always provide attribution and credit for 

materials that you have not drawn yourself, and always provide details on the source of the data 

used for any tables, charts, or graphs. 
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 Yes, this is a time when newspapers can be accessed from anywhere on the globe on the internet, but many 

corporate elites do prefer to have their physical copies of the Financial Times, the Financial Post, and the Wall 

Street Journal delivered each day.  There’s nothing quite like turning the physical page and seeing the big, bold 

statement when a company ponies up the enormous sums of money to take out a full-page advertisement in the 

paper.  Scrutinizing a sample of these ads can reveal a lot about how firms wish to be seen by the elite business 

classes who are their potential clients. 


