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The BRLESC, the Ballistic Research Laboratory Etadt Scientific Computer, of the U.S. Army, circa
1961. Source: U.S. Army, public domain image,Wikimedia Commons. The computer contained more
than 1,700 vacuum tubes, 850 transistors, and @&jfis@les.
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A Very Short Introduction to STATA
Geography 450, Urban Analysis
Elvin Wyly

There are dozens of software packages that areldsebrganizing and analyzing large
pools of information. One of the most powerful aredsatile is called STATA. We will
be using STATA for some of the projects in thisisau You're not required to become
an expert in STATA (or any other software packdgethat matter) to do well in this
course. But for those of you interested in worlioglaboratively, at least one colleague
in each of the working groups should learn enodghuaSTATA to help organize
information and explore data for the group’s praojec



if Stata/SE 11.1 - [Results]

File Edit Data Graphics Statistics  User

=2 N NEE NulRd

Review

This document presents a very simple, quick intotida to just a few things that
STATA can do. There are lots detailed and in-degptibrials available for STATA.
We'll just start with a few basics.

First, use your username and password to log oné¢of the computers in the lab in
Geography Room 115. Then find STATA on the lispadgrams from the Start Menu,
or on the desktop if there’s a program icon, anehdd it.

You'll see a screen divided into four main paneDmn the top left is a “review” panel,

which keeps track of things we’ve done. We havdaite anything yet, so this is empty.

On the right hand side is the “results” panel, wabsbows various messages and

responses. It begins with a banner describingéhgion of STATA we’re running, and a

few other details. On the bottom right is the “ecoamd” panel, where we’ll be telling

STATA what to do. Finally, at the bottom left iS\ariables” panel, which provides a

quick reference for the names of variables in @aiasket. This is empty, though, because

we don't yet have a dataset.
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Let’s import the summary of preferences our collesgexpressed for various research

activities. | created a simple worksheet in Exbat looks like this:

Colleague

Jessica Baas
James Barnewall
Kevin Cooper
Rain de Guzman
Lauren English
Michael Lee

Abie Luu

Edda Mata
Ramona Monticello
Tara Mowat

Tim Nugent
Marnie Smith
Mehdi Alaei Tafti
Ren Thomas
Tommy Thomson
Savannah Kuchera
Elliot Siemiatycki
Joseph Tohill
Matthew Baker
Zoe Siegel

Liam McGuire
Brent Fairbairn
Mark Stevens

Joe O'Brien
Gordon Clark
Dylan Jones
Alexandra Tyrrell
Amelia Daly
Janine Pham
Emily Hein

Jeffrey Fong

Evan Goldstrom
Daniela Aiello
George Rahi

Sam Walker
Andrew Longhurst
Henry Lebard
Steffen Randahl
Alex MacLeod
Sophie Ellen Fung
Claudia Hehn
Bosco Ho

Flora Lin
Johanna Vortel
Emily Rosenman
Jacopo Miro
Connor Donegan
Kevin Chan
Mark Bjelland

Recall that | asked you to rank various kinds ofhmds and approaches -- reading

year literature

2009
2009
2009
2009
2009
2009
2009
2009
2009
2009
2009
2009
2009
2009
2009
2011
2011
2011
2011
2011
2011
2011
2011
2011
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2012
2012
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2012
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10
4
6
13
8
14
5
11
13
7.5
9
11
11
6
75
11
12
7
6
12
3
6
75
6
2
9
12
7
14
10
4
10
12
11
3
7.5
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14
12
11
12
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11
10
12
9
14
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3
14
7.5
10
12
9
10
12
2
12
10
6
2
7
12
12
11
10
7
10
12
12
11
7.5

2
1
8

3
2

W o

i
\“owmgold-bmb

11
10

._‘
CNpGyU o Pao

U’thmm'—‘»awp

brainstorming outlines

7
12
11

waitinwebsites

9
13
9

5
11

~ - =
©o " NN»—\Nmm,_‘LON\Ab,_‘mO’O

O’ww.&’w

theoretical work, reading empirical stuff, investiimg laws, creating statistical models,
and so on. The ranks go from 1 (you just lovéoit}4 (you simply cannot stand it). I've
arranged things into rows, one for each of oureagjues, and columns for the various

methods or activities. The cells include the rafism 1 to 14, for each activity. It's
standard procedure to refer to the columngaaimbles and the rows asbservations

STATA prefers to have data in a slightly differémtm, so | exported the Excel
worksheet it to a comma-delimited file. You shod@vnload this file from

http://www.geog.ubc.ca/~ewyly/Private/g450/g45@pr@an2012.csv
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Motes:
1. (/m# option or -set memory-) 50.00 ME allocated to data
2. (/v# option or -set maxvar-) 5000 maximum wariables

. insheet using "c:\data\g450prefs_jan2012.csv", delimiter (",")
(16 wvars, 49 obs)

and then store it in C:\DATA on the local computer.

Now, in STATA, place your cursor on the commandgbaand then type in
i nsheet using "c:\data\g450prefs_jan2011.csv", delimter (",")

and then press enter. This simply tells STAT Anjout data that was created in a
spreadsheet program, to use a certain file logatdte c:\data directory, and that the
values are separated by commas.

STATA reads the data, and new items appear indieess on the left.

You see the variable list in the panel on the lols#r and you see the command I issued
in the review panel in the top left.

Before we do anything else, let’s save the data;hwhvere imported from the comma-
delimited file, in the format that STATA prefertn the command panel, type

save c:\data\g450prefs_jan2011

and then press enter. STATA will save the filéhe same directory you used to import
the data, and will append “.dta” as the file exiens
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e . describe b |
1 ing "c:\data\g4S0prefs...
2 Contains data from c:\data\g450prefs_jan2012.dta
3 hslg#Storefs_janzitl 602 obs: 49
: talgiSiprets ez vars: 16 21 Jan 2012 03:02
s size: 2,891 (99.9% of memory free)
storage display value
variable name type format Tabel variable label
colleague strl8 %l18s Colleague
year int %8.0g
Tliterature byte %3.0g
theory byte %8.0g
empirical byte %8.0g
Taws byte %8.0g
data byte %8.0g
maps float %9.0g
gis float %39.0g
remote float %3.0g
statistics float %9.0g
tables byte %8.0g
brainstorming byte %3.0g
—mnore— :

Label
Colleague
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There are several commands that are useful to explbat we've got. One is the
describe command. Type

descri be

and then press enter. STATA gives you a nice aeerof various features of your data:
the name of the dataset, the number of observatibasiumber of variables, and then a
bunch of other details that we don’t need to waisgut right now.

Another way we can explore things is to use theveeocommand. Type
br owse

and then press enter. STATA creates a new pan@lpoof all the others, and now you
see something like this (next page):
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colleague{1]

o year  literature theory empirical  law dat map; 9 mot: tatist tabl brains torm~g t1 writing  websit -~
o 2009 s 13 11 14 4 5 3 10 12 2 1 7 5 s
% z008 k3 T 3 k] E z g 4 14 1 11 1z 1z 10
) 2003 10 s 3 13 14 1 s 5 12 8 2 11 s 7
2009 4 10 12 14 6 1 7 1z 11 3 s 2 5 e
z008 1z 14 3 E 7 1 4 k3 1z 2 E E 11 10
2008 7 1 3 2 & 4 12 14 12 8 5 s 10 11
z008 14 1z 4 1z g z 7 E 11 E E] 10 3 1
2008 1 & 7 1z 8 12 14 11 10 4 3 2 5 a
2009 1 z 3 7 8 4 14 1z 1z Bl 5 10 11 3
z008 1 T 2 E 4 10 7.5 T.E k] 4 1 E 4 12
2008 El & 2 1 10 5 13 s 14 11 . 8 7 12
z008 E € 7 E g 1z 14 11 1z E 4 1 z 10
2008 5 10 2 1 7 12 12 11 El 8 . & s 14
2009 2 4 5 s 10 11 13 5 14 3 7 8 1 12
z008 E 2 2 4 1z 1 11 T.E T.E E & 7 3 10
2011 2 7 2 1 5 5 3 11 10 7 3 & 5 12
2011 E z 3 k] 11 1z 12 1z 1z 11 2 2 z 12
2011 El z 2 El 8 s 12 7 s 10 3 3 1 a
2011 2 1 4 5 6 1 3 5 10 6 4 3 2 4
2011 1 T & 4 E k] 12 1z 1z g E € z 3
2011 s 7 7 7 5 1 2 El 2 3 . 7 7 3
2011 E 2 E k] E 3 E] 3 1z € E 1 1 E]
2011 4 s 3 1 7 11 7.5 7.5 10 8 2 3 s 12
2011 4 z 1 5 5 8 10 5 5 5 5 5 E] s
2011 10 10 10 10 10 12.8 12.5 z z 2 g .5 E.5 4
26 Dylan Jones 2011 k) 6 4 5 ) a 3 a 7 7 1 3 k) 3
a7 Alexandra Tyrrell 2011 7 € g k3 E 11 12 1z 1z 10 1 2 E 4
28 amelia Daly 2011 1 8 3 k) 11 2z 10 7 1z 13 4 5 I3 14
29 Janine pham 2011 E] s 4 2 8 1z 13 14 11 Bl 1 6 7 10
20 Emily Hein 2011 z € E] 10 E E 10 10 10 4 1 7 k3 10
31 Jeffrey Fong 2011 1z 8 5 5 3 2z 2 4 7 5 1 6 8 8
32 Ewan Goldstrom 2011 E z g 4 4 3 10 10 10 g 1 € 7 1
33 Daniela aiello 2011 z 1 5 8 4 z 12 1z 1z & 1 1 3 2
34 George Rahi 2011 5 1 3 5 8 7 10 1 1z Bl 2 4 E] 4
EH Sam wWalker z01z k] & 4 1z 1z 1 2 E 11 g 13 7 10 14
36 Andrew Longhurst 2012 4 1 2 5 Bl 7.5 7.5 7.5 7.5 6 7 8 E] 7.5
37 Henry Lebard z01z 1 1 1 z 4 1 14 1 E B 13 B E 4
38 steffen randahl 2012 5 1 3 8 1 1z 13 14 10 Bl 2 3 4 7
EES Alex Macleod z01z 1z 1z 10 k3 € z 4 k] E 1 11 7 £ 14
40 sophie Ellen Fung 2012 10 8 1 E] 10 1 10 8 14 1 1 5 8 s
41 Claudia Hehn z01z 1 11 13 1z 1z £ E] 10 14 g E 2 7 4
42 2012 14 1z 3 8 7 5 10 4 11 6 1 2 s 12
43 z01z 4 10 13 k] B 1z 14 1z 11 g 1 E 7 2
a1 2012 5 10 e 7 8 E] 14 1z 1z 4 2 5 1 1
45 z01z 7 & 1 z 11 3 10 1z 1z E & 4 E 14
45 2012 5 7 1 5 Bl 11 14 1z 10 8 2 3 4 13
47 z01z 10 z 1 k] g 7 14 1z 3 € 4 B E 12
48 2012 1 6 5 E] Bl 10 13 1 1z 8 2 7 4 14
43 z01z 7 & E k] 10 z 1 1z 11 4 13 g 1z 14
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This just looks like any spreadsheet program.olf §ry to select one of the cells and type
in a new number, however, STATA will not respori8towse allows you to look at the
contents of the dataset, but it does not allowtgomake changes. This feature comes in
handy: it prevents you from accidentally makin@mfes. If you want to change the
dataset, you need to use a different featuredabeeditor. We’ll worry about that
another time.

Take a close look at the values in the cells. Aladl of the numbers arstegers-- that
is, from 1 to 14, with no decimals. But there afew exceptions. When | looked at the
survey from Tara Mowat -- a student who took tlusrse a few years ago -- | noticed
that she left the ranks for GIS and remote sensigugk. She wrote, “I'm afraid I've
never done geocoding, any GIS operations, or intégd remote sensing images.
Therefore, | can’t assign it a score. Althoughb&linterested in giving it a go.” Tommy
Thomson, another colleague from a previous yeso, laft two items blank (remote
sensing and statistical models). Mark Stevenslafséwo items blank (remote sensing
and geocoding, buffers, and other GIS operatioS&nilarly, Andrew Longhurst was
neutral on four items -- designing websites, Gl8lysis, statistics, remote sensing, and
cartography.

These colleagues have highlighted a crucial impéissumption of my primitive little
survey -- the questions presume sufficient famtlyaio permit respondents to assign
ranks to every choice. Our colleagues have bmtlyeexposed the problems with this
assumption. Still, unless | leave them out ofdhtaset -- ignoring them, and all their



responses on the other choices that they did éeefartable ranking -- | need some
consistent way of dealing with missing valuesarn’tassign zeros -- if | do that, then,
given the way we’ve defined the ranks from 1 toildould imply that Tara and her
comrades really love these activities, and theytdd®o | decided that it made sense to
regard the blank responses as complete neutrdifith a scale between 1 and 14, the
absolute midpoint is 7.5, so that’s what | decitieénter in place of the blanks.

Now, close down the browser window -- press theXeual the top-right corner -- and
you're back to the command panel. Now type

summari ze

and then press enter. You'll see something like th

i Stata/SE 11.1 - c:\data\e450prefs_jan2012. dta - [Results]

49 10.06122 3.228507
49 6.244898  2.933503
49 3.877551  2.728191
49 5.336735 2.77524
49 5.683673 3.192918

[ NN
=
5}

49 8.72449  3.911869

Obs Mean  Std. Dev. Min Max

0
49 2010.694 1.21113 2009 2012
49 5.367347 3.795249 1 14
49 6  3.758324
49 4.734694  2.885131

1

1

49 6.571429  3.696846 1
49 7.653061  2.832483 3
49 6.204082  4.260915 1
49 9.571429  3.875672 1

9 3.514849 1 14

2

1

1

1

1

1

49 10.06122 3.228507
49 6.244898 2.933503
49 3.877551 2.728191
49 5.336735 2.77524
49 5.683673 3.192918

49 8.72449 3.911869
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Summarize gives us a bit more detail than the descommand. It provides the number
of observations with non-missing values for eaatiedde, along with the mean, the
standard deviation, the minimum and the maximurhe mean is the same thing as the
average, and the standard deviation is the aveliatgnce of the values from the average
-- a measure of the “spread” of values in a paldicdistribution. Don’t worry about the
standard deviations for now; these are difficultngpossible to interpret with the
measurement scale we used in this simple survenked and ordered data, also known
asordinal data. We’ll worry about the details of ordinatalater.

We can still learn some interesting things, howgewWave consider the mean values for
our colleagues. The research activities with tlveest mean scores are “Brainstorming
and exploring alternative ways to organize a ptgj@nd “Reading and discussing



empirical or appliedpolicy documents, newspaper articles, etc.” Bitarming has a
mean score of 3.88, while empirics has a mean7®.4By contrast, the mean value for
“Designing and estimating statistical models” exte#0. Clearly, statistics are not your
favorite activity. There is also, on average, @@raion to GIS, remote sensing, and
designing and creating websites. Only one of olleagues in recent years has
identified remote sensing as their number-one peate.

Given that we're in the Faculty of Arts, this malsemise -- most of our colleagues have
strong preferences and expertise in conceptualryngeading scholarship, and exploring
the multidimensional aspects of society, cultunel geography. Do keep in mind,
however, that many career paths do require somesexp to certain analytical and/or
technical skills. Nearly every graduate programripan planning includes a required
course on gquantitative methods, and many urbamideobs -- in the public, private,
and non-profit sectors -- require some familiantyh GIS. Some observers think this
factorequirement is lamentable, others applaud it. é¥etryone agrees that it's
something you'll have to deal with sooner or latewould also note that there are a wide
array of companies that profit through various fermh subtle deception specifically
crafted for consumers who are uncomfortable withhesxaatical calculations. Peter
Gould was fond of saying that “learn” is not a 8itime verb; | hope he forgives me for
pointing out that if you don't learn quantitativeethods, they will be learned upon you.

But let’'s come back to that rich, multidimensiopatspective on society, culture, and
geography. If we wanted to visualize the multidnmsienal differences and similarities
amongst our colleagues, how might we do it? Walveady tried the simple univariate
approach -- comparing the mean values of the rimikée different activities, one
variable at a time. But are there other ways?r&’hee many alternatives, but let’s just
consider three. First, we can divide up the lfstames according to various criteria. So
if we wanted to identify our colleagues who arettest conceptual and/or theoretically-
inclined, we might type this into the command panel

list colleague if theory <3 & literature < 3

Four colleagues citenothreading theory and searching out literature intoipe2 (i.e.,
rank < 3). By contrast, typing

list colleague if enmpirical < 3

gives us a total of thirteen colleagues who rartkexdkind of work in the top 2.
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We could play around Wlth aII sorts of alternatomnblnatlons to explore S|m|Iar|t|es
and differences. But is there a more systematicataisualizing our complementary
preferences? To be sure, with a small number kdagues, we could simply have a
conversation in class to draw a mental map of owerde preferences and skills. But
suppose we wanted to do this for a larger numbeuofriends and colleagues; in that
case, we would need a systematic method that d@uépplied to many, many people
(observations).

So this brings us to a second approach. Let’s @aunple scatterplot, comparing the
ranks that our colleagues have assigned for “Regdtevoreticalscholarship and
discussing it,” versus “Reading and discus@&ngpirical or appliedpolicy documents,
newspaper articles, etc.” In many fields, thera gonounced division between
theoretical and applied inquiry. In the commandgbatype

graph twoway scatter theory enpirical

and then press enter. Don’t worry, | don't expaa to memorize any of these
commands, and indeed | am just learning STATA nfysébu can do any of the things
I've shown thus far by following the menus at thp bf STATA. You can also get help
by typing the wonderfully simple commandi p. If you know the topic you need help
on, you can type something likel p graph. If you don’t know the precise command or
procedure, then you can just do a keyword seascims@ar ch graph, and STATA will
provide a list of all commands that include mergiohthe keyword.

| prefer to use the command panel rather than wlledpwn menus. The graph command
above gives us this (next page):
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We see no strong evidence of a sharp divide betweeampirical and theoretical. If
there were a sharp divide, we would see a downwsiaping line: people who assigned
high ranks to reading theory would have assignedrémks to reading empirical stuff,
and vice versa. Inthe extreme case, if people loNed theory hated empirics and the
people who hated theory loved empirics, the grapblevhave looked like this:

16
14

12

10

The graph of our preferences does not look like. ti@olleagues are scattered all over the
place, in no apparent pattern. What we can sa#ghis that we do not have a clear
dichotomy between theory and empirics. But we @aeehto be careful about drawing
further conclusions, because the way | worded tlesiipns had the effect of mixing a
few distinct activities. Recall the two questions:

10



“Readingtheoreticalscholarship and discussing it.”
“Reading and discussirgmpirical or appliedpolicy documents, newspaper articles, etc.”

The two questions present a contrast not only bEtvieeoretical and empirical reading
and discussion, but between scholarship and “pdilmuments, newspaper articles, etc.”
If the question had been worded differently, tdidguish between reading theoretical
and empirical scholarship, the responses could hega different. The present wording
for the second question makes it impossible faousiow, without going back and
asking everyone again, precisely what it is abbistdctivity that is preferred or disliked;
is it the empirical or applied nature? The emphasipolicy documents? The mention
of newspaper articles? Or the combination of paficcuments, newspaper articles, and
that familiar grab-bag of everything, the “etc.”?

This is why there are entire courses, and indeéickegraduate degree programs, focused
on the principles of survey research. | haverketethose courses, and you see the
trouble that got us into. Fortunately, the pubistitutions that provide the results of
large-scale social surveys hire people Wwhwetaken these courses and earned
specialized degrees. They invest considerable tim@ey, and expertise in designing
surveys that help to minimize the risks of misiptetation.

Let’s try testing another hunch. We were also dskeank two activities that are often
viewed as quite complementary -- preparing outlenas writing. The specific wording
was “Creating outlines for papers,” and “Writingdagditing papers.” It seems
reasonable to hypothesize that colleagues woulbldoth of these activities enjoyable, or
that they would dislike both; conversely, we woelgpect few people to have very strong
preferences for one and intense dislike for themtA est this hunch by typing

graph twoway scatter outlines witing

And you obtain the chart below. This provideslfestrong support for our hypothesis.
The scatter of points slopes up to the right, andtmeople either like both activities
(putting them in the lower left corner of the graphthey dislike both (putting them to
the top right). There are a few notable exceptios®meone has expressed a strong
preference for writing (ranked 1), for instanc@ng with a more neutral stance towards
preparing outlines (ranked 8). If we were to egelihat exception and a few others, the
positive relation -- the correlation -- betweentuag and editing would be quite strong.
In many areas of research, the investigator wélcle for these exceptions -- often
technically referred to as “outliers” or “residuals and try to decide whether they
should be excluded from a particular analysis. &ames there are justifiable reasons for
excluding outliers. But I'm very cautious abouirdpthis. | exclude outliers if | identify
problems with missing data, or responses thatlaaglg contradictory or incorrect (say,

if someone had left most of the choices blank ansouvey of preferences). Otherwise,
however, excluding outliers risks obscuring theedsity of unusual combinations. And
the diversity of unusual combinations, for peopld places, is what geography is all
about, right?

11
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These two graphs illustrate the many differenttietes we could explore between each
of these research methods and activities, comgaradother. With fourteen different
activities, there are many different two-variabbenbinations -- bivariate relationships --
we could study. But can we consider more relahgrsat once? We could add a third
variable, and create a three-dimensional scattenplth one axis measuring colleagues’
preferences for reading theory, another axis maagpreferences for writing and
editing, and another axis measuring preferencesefiding empirical materials.
Reproducing it here would require that we use tharsd geometry of perspective to
reduce a three-dimensional plot down to two dinmmsi for the paper or the screen on
which you are reading these words. But it turristibat this reduction -- transforming
three-dimensional representations into two -- caedsily done with mathematics.
That's why software programs can easily draw graptis a three-dimensional
appearance, projected onto a flat screen. Evee neomarkably, however, there is
nothing that restricts us from going to still malienensions. Envision that three
dimensional graph of preferences for theory, wgitediting, and empirical inquiry and
now try to imagine, in your mind’s eye, a fourtmeénsion for designing and creating
maps, a fifth dimension for brainstorming and ongarg, and so on, until we have all of
the fourteen dimensions along which we have expdessr preferences.

The basic principles of geometry -- going all theywback to Euclid -- make it possible to
measure the distance between observations in nmétisional spaces like our fourteen-
dimensional space of preferences. Then, in th@4,98ychologists and other scientists
began working on ways of translating these comptaxtidimensional, and impossible-

12



to-visualize mathematical spaces into somethinghnmare familiar -- a two-
dimensional map. The challenge was similar to dtaap projections. Projecting the
(imperfect) sphere of the Earth’s surface ont@g fivo-dimensional map requires
distortion, and there is no such thing as a pedelttion: preserving directional
relationships distorts area, and preserving asationships distorts directions (and
hence shapes). But imperfect as they are, mapsxenemely valuable two-dimensional
representations of a three-dimensional world.

Eventually, a group of scientists developed a teglknown asnultidimensional
scaling. Given any set of measures of the similarity betweifferent observations
according to scores on multiple variables, multielsional scaling calculates the
distances between the observations, and then dransthis multidimensional distance
into a two-dimensional map. There will be sonmsaltion, and the amount of distortion
depends on the particular observations being medshut it's possible to calculate
numerical estimates of the overall distortion @& ttvo-dimensional map.

Peter Gould taught multidimensional scaling in ohlis Geography classes for many
years. | first learned about it in the mid-1980$e techniques had been developed by
psychologists many years earlier -- an initial e in the late 1930s, and then a
breakthrough by Warren Torgerson, who used his tima fellowship from the
Educational Testing Service (spent at Princetorvélsity in the early 1950s) to devise a
reliable, accurate, and routine method for finding minimum-error solutioh. The
approach was refined considerably in the 19603,drgerson and several others. We
don't need to dive into the mathematical detailsiclv Torgerson meticulously worked
through in a series of equation-filled pages, degwseveral alternative solutions before
noting, in words that seem to reach out from thgeepa a deep sigh, that “All of these
methods require a great deal of labdrTorgerson’s many achievements included
profound understatement. Another scientist pralidenore vivid description of the
challenges of iterative procedures designed to natmgervations around in small
increments, re-measuring the distances betwegrosdiible pairs at each step:

“The computational labour of examining alt2- 1 splits is enormous and
the authors giveN-1)?2"*! seconds as the time required on a computer
with a Su-second access time. Thus witlas low as 21, over 100 hours
are required and witN=41 the time is over 54,000 years. Even with the
fastest of projected computers these times couidlmndecreased by a
factor of about 100, so the method is impracticavien for small values

of N, and an alternative, possibly approximate algarithust be devised.
113

! Warren S. Torgerson (1952). “Multidimensional B 1. Theory and Method.Psychometrikd 7(4),
401-4109.

2 Torgerson, “Multidimensional Scaling,” p. 414.

% J.C. Gower (1967). “A Comparison of Some Methobi€luster Analysis.”Biometrics23(4), 623-637,
guote from p. 628.
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Devising these alternative algorithms presenteidseichallenges to an entire generation
of scientists. But the fundamental essence dhalcomplicated and sophisticated
procedures is not too difficult to understarfdjou can keep in your mind’s eye a
fourteen-dimensional world. Now, plot the obseluad -- place each of your colleagues
-- into this fourteen-dimensional space. Now mea$wow far apart they are from one
another. Now try to take those measurements aridpt everyone on a piece of paper.
You'll have to do a lot of erasing and moving baeid forth, as you try to keep the
distances right between every individual and ew¢her individual, when you only have
two dimensions. There will be some distortionha tesult, but if you follow certain
rules, you can minimize this distortion. This wbuéquire a lot of erasing, a lot of re-
drawing to try to get the distances as accuragmasible. But all of that repetitive,
annoying measuring-drawing-and-erasing work, tnatigorts of combinations to try to
minimize the distortions -- that all seems like kined of repetitive tasks for which we
have computers. Indeed, when Torgerson was askedk back on thirty-five years of
progress in multidimensional scaling, he wrote sgag for the fiftieth-anniversary issue
of Psychometrikdracing the major themes and breakthroughs, aeml affered this
epilogue:

“The major developments discussed in this paperdvoave been of little
interest, and would probably not even been puldlilehaithout the
parallel development of the computer. In the eaf$0’s, desk
calculators were used to carry out metric multichsienal analyses for
similarity matrices of around ten stimuli. The qmuiational labor was
tedious and time consuming for this basic proceduen when applied to
data sets of minimal size. The entire analysisld/be no more than one
small part of an iterative step in the presentaayputational routines:”

Fortunately, this technique developed more thay yéars ago has been incorporated
into STATA. So go back to the command panel ape in

mds literature-websites, nmeasure(gower) id(colleague)

This asks for a multidimensional scaling (mds) gslfi of the variables from ‘literature’
through ‘websites.” Then theeasur e option requests that the distances between the
observations be calculated using a special measwised many years ago by J.C.
Gower> Gower was concerned with the need to find a gémeeasure of distance
between observations when some of the variables measured on an ordinal scale -- as
in the case of our rank-ordered preferences. ifaédption in the command above asks
STATA to identify the observations using the vabie¢he variable named ‘colleague.’
The result looks like this:

* Warren S. Torgerson (1986). “Scaling and Psycliokae Spatial and Alternative Representations of
Similarity Data.” Psychometrik&1(1), 57-63, quote from p. 61.

®J.C. Gower (1971). “A General Coefficient of Samity and Some of its PropertiesBiometrics27(4),
857-871.
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Obviously, you won't recognize all of the namestlois map, because many of these
colleagues who took the course in previous yeare haved on to bigger and better
things. So to focus on our current colleaguesieighis command:

nmds literature-websites if year==2012, neasure(gower) id(coll eague)

Notice that STATA requires a double-equals signwWbat are called ‘equality tests.’
STATA reserves the single equals sign to be usexhwbu want to generate new

variables.

When we restrict our analysis to 2012, this isrttap we get:
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This isnot a scatterplot like the ones we did earlier. Mm@ tdimensions are not
variables plotted on a chart: they are more liketht South and East-West directions on
a map -- a map of the world that we have collegticeeated, by me asking you about
your preferences, and you ranking various actsiti€hose decisions created a fourteen-
dimensional world that can then be projected omtivo-dimensional map. There is
some distortion, but not very much: one measutiEates that the two dimensions
shown here are able to measure the fourteen-diovaadsdistances with about 74 percent
accuracy. That's pretty good.

Now how to interpret this? Stata adds thoroughlyealpful labels, like “Dimension 1”
and “Dimension 2,” because there is -- fortunatelylo convenient way to ask a
software program to do the fundamentally humarviiets ofthinkingand

interpretation So this is the point where I find it best tonprout a few of the results
produced by the software, to close things down,thed to get as far away as possible
from all computers and other attention-disruptiewides -- to find a nice quiet place
without any distractions, to justtink. So let’s save things and exit. If you type

save c:\data\g450prefs.dta

and press enter, STATA will refuse and tell youthat warning-red text color, that the
data set already exists. You could save the datasier a new name, if you'd like. If
you’re absolutely sure that you want to overwrite tld one, type

save g450prefs.dta, replace
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You could also exit the program without saving ydataset, by typing

cl ear

which clears the current dataset from memdg. very, very careful with the clear
command. With only a few keystrokes it's very ¢éasyse a lot of work if you've made
changes to your dataAfter you've saved the dataset, now you can type

exit
and press enter. STATA shuts down all the windows.

Now you can free yourself from the computer, fihdttquiet corner in the library, and sit
down and think about what we’ve got. The multidimsienal scaling procedure is
measuring distances between all of the possibldow@tions of likes and dislikes
amongst our colleagues. It's hard to think cleabput fourteen different aspects of
individual preferences all at once. So when L filid this MDS of student preferences in
January of 2009, | just sat down with a printedycopthe map for the students taking the
course at that time. It has such an awkward, onmétive title -- “MDS Configuration.”
Here’s what it looks like for the colleagues takthg course at that time:
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So | sat there, looked at the map, and jotted dibvriop three preferred activities next to
each name on the map. Then I tried to think thinathg connections, the areas of
difference and similarity. What if each of us abbk understood as a city, situated in a
particular regional context, each with distinctfeatures yet still bound together by
travel, trade, and other relations? What if owret regional settings -- our common
preferences for certain types of thinking -- coloddviewed in topographical terms?
What might the landscape look like?

This is what | came up with, in about forty minsitef sketching and thinking.
Cartography has always been a blend of art andeei@nd this is especially true in the
case of multidimensional scaling applied to surdata. Yet key features of the map of
our colleagues in ‘preference space’ stand outst,Rhere is a broad division that we can
imagine at the regional (or even subcontinentaljescNearly everyone in the east and
southeast mentions designing and creating maps@then top three preferences, while
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most colleagues in the west include searchingitienature, and tracking down citations
among their top preferences. The eastern mappatgau includes a vast territory, and
so does the land of literature to the west andmaest. Second, there are two small but
high ridges, in the far east and the far west, @fitinning views of the methodological
possibilities of designing websites and creatigigtical models. Third, prominent
highlands in the southwest mark out a territorgxgertise with empirical and applied
policy documents, newspaper articles, and othercesu The northeastern edge of the
empirical highlands is marked by a sharp escarpwieciitting-edge investigation of
laws, regulations, and parliamentary and legiséatecords. The topography in this
region is striking: recall our earlier finding tithere is no sharp divide between
theoretical and empirical inquiry? The empiricglttands give way at their eastern
terminus to a prominent theoretical peak, whichrtmaks a peaceful, contemplative
Thoreau-inspired landscape, a Lake Walden of vgrsrrounded by the lush forests and
grasslands of the land of literature.

| haven’t updated this cartographic interpretafmnour colleagues this year. Maybe
you’'d like to sit down with the printout and begirawing contour lines to help us make
sense of our different interests, approaches, apergse.

Other creative interventions are also possiblethétahan using individual's state
preferences to map them in “activity space,” we ttanspose the variables and
observations -- the rows and columns. This hagtleet of mapping different activities
according to the shared preferences expresseditdgrds over the years. It takes just a
few additional lines of code to change things atbuSave a dataset if you’'ve got one
open, then “clear,” and start over again with this:

cl ear

use c:\data\g450prefs_jan2012.dta

drop year

xpose, clear varnane

mds v1-v49, neasure(gower) id(_varnane)

And now we have an alternative, complementary niapfferent kinds of geographical
imagination and method.
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Imaginative cartographies like this are inescapahlyjective -- and yet also rooted in
systematic ways of organizing information and meaguelationships. In turn, these
measurements hinge on the decisions we make whaskweur colleagues about
preferences, experience, expertise, and plansseldecisions help to shape certain
aspects of the ‘reality’ we seek to observe, dbs¢iand understand. Early decisions can
have significant implications for subsequent cheiaed possibilities. Consider, for
instance, my reluctance above to work further whih standard deviations for our
colleagues’ stated preferences. | was reluctaotféo any interpretations of the standard
deviations because of the measurement scale préfierences cited by our colleagues --
each activity ranked from 1 to 14. Ranked date llkese are known as “ordinal,” and
they are distinctive: when you're asked to rankgh, there’s no way to know how to
interpret each rank -- the difference between 123ridr example, may not have the same
meaning as the difference between 9 and 10. Iesoenreally likes reading theory,
investigating laws, and writing -- but passionatedyes all the other activities on the list -
- there will be no way to interpret the respon$es my survey has forced into that
ranked, 1-to-14 list. Likewise, with ordinal daifais meaningless to say that a rank of 10
is twice as much as a rank of 5.

® There are other ways of doing surveys like thissing things called ‘Likert scales’ -- that sothés
problem. A Likert scale would make it easy forol@ague to rank three activities as very strong
preferences, and to relegate the remaining chtiacasvilderness of disgust!
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M easurement and Scaling

“The phrase ‘more or less’ is a fault much in ewnicke in kings and
geographers.”
Strabo

“The problem of measurement and scaling is the rioostamental one
faced by geography and other factual sciences.”
Ron Abler, John Adams, and Peter Gduld

There are four distinct scales for observation medsurement.

Nominal data refer to distinct categories, with sharpedéhces and no clear hierarchy.
An example is the set of different names for edabuo colleagues.

Ordinal data refer to ranked information, as in the cdsberesearch methods
preferences. Analyzing ordinal data requires usimpgrticular kind of approach called
“nonparametric” statistics. The specialized measfrsimilarity devised by J.C. Gower
is one example of a nonparametric statistic.

Interval data refer to numerical scales where each increhrenthe same meaning, and
yet the values do not usually cover the full pdgssibnge. The best example is
temperature, whether measured in degrees Celsiahnenheit. Each degree has the
same meaning -- the increment from 0°C to 5 °Glmsame meaning in physical terms
as the increment from 20 °C to 25 °C. But singtheethe Fahrenheit nor the Celsius
scales measure temperature from absolute zeroanvetsay that 25 °C is five times as
warm as 5 °C. With interval data, you can addsrutract (25 °C is indeed 20 °C
warmer than 5 °C) but you cannot use ratios.

Finally, ratio data refer to numerical scales where each increhsnthe same meaning,
and yet the values do include the full range ofkpmkties. Much of the data produced
by social surveys is designed to provide ratio .d@ae example of a variable measured
on a ratio scale would be age; each unit of tineetha same meaning in pure
chronological terms (even if personally and metaptally the years are felt differently
at various stages of life!), andig meaningful to say that someone who’s aged 2015 on
half the age of someone who's 4Ratiodata, in other words, allow you to safely
calculate meaningfuhtios. Most of the procedures we think of as associattd
‘statistics’ are designed to work with ratio daténis field of inquiry is known as
parametric statistics; one of the most common patars used to understand a dataset is
the standard deviation.

" See Ron Abler, John S. Adams, and Peter GouldLjlSpatial Organization: The Geographer’s View
of the World. Englewood Cliffs, NJ: Prentice-Hall, quotes frpmd3.
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Another Playful Manipulation of Space

Not long ago, | wondered what multidimensional spmight look like if we considered
the strange digital footprints we're all leavingt there these days. Up to this point | had
neverGoogled myself, not even once; using a corporateenas a verb has always
seemed just a little bit uncomfortable.

But to “Google” another is, | guess, some sortibiite these days, so | started with a
small sample of those who have inspired me in variways. Peter Gould was my
undergraduate honors advisor at Penn State. Jdam&was my Master’s and Doctoral
advisor at the University of Minnesota. Susan ldaisfusion of feminist geography
and the heritage of the quantitative revolutiompired my doctoral thesis -- but | was
also inspired to put the work into dialogue withvizbHarvey's theorization of capital
and residential differentiation inside the metragolThen | got lucky and got a job at the
Center for Urban Policy Research, and one of mypnallaborators was David
Listokin. That led to a joint appointment with tbepartment of Geography, and the
office assigned to me was once Neil Smith’s. Mgt and is another inspiration, and at
one point | had the chance to collaborate on aeptdg¢d by one of his students, and we
all coauthored an article on the “Camden Syndrodi&jnosing the decline of aging,
inner-ring suburbs around American cities. J.KogBn-Graham -- the creative authorial
fusion of Julie Graham and Katherine Gibson -- alas an inspiration. | was really
impressed by their “How to Smash Capitalism Whilerhg at Home in Your Spare
Time” article, and | had the opportunity to bringid Graham for a visit and lecture to
Livingston College at Rutgers University in theeldi990s. Julie passed away not long
ago, and when | heard, vivid memories cascaded blc&r brilliant lecture, and the
conversations we had about the deeply (de)indlig&ihlandscapes along the New
Jersey Turnpike on the way to and from the airp®ten, several years later, | was
fortunate to join UBC. Derek Gregory is a wondeimfigpiration; he’s certainly not the
only colleague here who fires my imagination -- wi, have so many brilliant and
passionate geographers here, don't we? -- butsastdige my little idea was making the
list a bit long and tedious. So | just added oleamame -- Michael Dear -- who was
then at the University of Southern California. W&l great conversations when | was
invited to deliver a talk at USC. Michael Dear alahnifer Wolch even took me out on
their sailboat.
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Michael Dear, off Venice Beh, March 2008 (ElvinWyly).

This is quite a diverse cast of characters -- &gli$ just a tiny sample of the paradigms
and personalities who have shaped my urban and@gagal imagination. But what do
we all look like when seen through Michael Currtfisoretical lens of the “digital
individual™? Specifically, if you do a Google sehrof +’name” +’name”

+"geography,” how many shared hits do we see fohgair of names? It's a bit tedious,
but with a bit of patience you can compile a nittéelmatrix:

Gregory
Gregory 0
Hanson 1,460
Gould 1,530
Adams 7,030
Listokin 8
Smith 6,930
Harvey 27,000
Gibson-Graham 5,810
Dear 1,930
Wyly 444

Hanson Gould

Total Shared Google Hits

1,460 1,530 7,030 8 6,930
0 611 731 41 1,060

611 0 5,140 5 1,340
731 5,140 0 687 16,500
41 5 687 0 460
1,060 1,340 16,500 460 0
3,480 3,030 2,010 105 26,300
723 8,920 289,000 117 44,200
149 220 184 284 4,650
141 86 217 1,780 1,810

Adams Listokin  Smith

Harvey Gibsoa@m Dear Wyly

27,000 5,810 1,930 444
3,480 723 149 141
3,030 8,920 220 86
2,010 289,000 184 217
105 117 284 1,780
26,300 44,200 4,650 1,810
0 262,000 5,890 5,410
262,000 0 1,460 445
5,890 1,460 0 135
5,410 445 135 0

Note: total hits from Google search of +"name" +"namgeéegraphy, conducted January 18, 2012.
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It is worth reflecting, at this point, on what teasumbers might mean. The highest
figures connect Adams to Gibson-Graham -- 289,0@0esl hits -- and Gibson-Graham
to Harvey (262,000). The latter reflects the prmanice of contemporary conversations
between structuralist theorists working in the itiad of political economy, and those
inspired by various streams of poststructuralisutiht. The large number of shared hits
thus makes a lot of sense. But the linkage betwelmrms and Gibson-Graham is more
of a puzzle. Adams was President of the AssociaifcAmerican Geographers some
years ago, and today serves with Hanson as Ed#Ghief of the journalrban
Geography The strong connection between Adams and Gibsaha®n is surprising.
Both figures (or all three) are very prominent, iouseparate domains: they do very
different kinds of work, and they speak to veryehént audiences.

This is where we need to balance our just-the-fagsitivism with a sense of
constructivist poststructuralism. Our inner possti asks: is that dominant 289,000
really number correct? Is there some sort of quirkhe search? Perhaps there is a
genuinely poststructuralist John S. Adams out tkeraewhere, who regularly cites
Gibson-Graham?l searched through a few pages, but it was well paA.M. at this
point, and despite “typing like a madman” like Tovolfe, there seemed to be no chance
that continued page scrolls through Google seansledd yield anything like Wolfe’s
Kandy Koloredbrilliance? So | stopped searching and thought about muléidsional
scaling, and how these “shared hits” should be rstded agperformativephenomena.
While it's important to ask how “accurate” or “ré#his 289,000 figure is, we cannot
ignore the significance of people making decisionghe basis of this kind of
information. If students writing term papers sédiar “John S. Adams,” “J.K. Gibson-
Graham,” and “geography,” they'll see this largener of hits, and it will certainly be
one of many influences on their reading, thinkiagd writing. Even if the 289,000
figure is just a fluke, it will acquire a certaienformative reality if enough people take
actions on the basis of this kind of information.

So we put dowmhe Kandy-Kolored Tangerine-Flake Streamline Bamgd instead curl
up with the STATA documentation and user groupan @e do an MDS map of this
matrix? As it turns out, it's a bit more compliedtthan the simple example of our
colleagues’ preferences described above. It wak 4y the time | managed to get past
my mistakes and all the red-coded errors in STAJ#J produced this:

mat ri x i nput

wyspace=(0, 1460, 1530, 7030, 8, 6930, 27000, 5810, 1930, 444\ 1460, 0, 611, 731,41, 1
060, 3480, 723, 149, 141\ 1530, 611, 0, 5140, 5, 1340, 3030, 8920, 220, 86\ 7030, 731, 51
40, 0, 687, 16500, 2010, 289000, 184, 217\ 8, 41, 5, 687, 0, 460, 105, 117, 284, 1780\ 693
0, 1060, 1340, 16500, 460, 0, 26300, 44200, 4650, 1810\ 27000, 3480, 3030, 2010, 105, 2
6300, 0, 262000, 5890, 5410\ 5810, 723, 8920, 289000, 117, 44200, 262000, 0, 1460, 445
\ 1930, 149, 220, 184, 284, 4650, 5890, 1460, 0, 135\ 444, 141, 86, 217, 1780, 1810, 5410
, 445, 135, 0)

matri x col nanes wyspace = Gregory Hanson Goul d Adans Listokin Smth
Harvey G bson- G aham Dear Wly

matri X rownanes wyspace = G egory Hanson Goul d Adans Listokin Smth
Harvey G bson- G aham Dear Wly

8 See Tom Wolfe (1965)The Kandy-Kolored Tangerine-Flake Streamline Baligw York: Farrar,
Straus & Giroux, pp. Xiii-Xiv.
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matri x wyspace=wyspace/ 289000
mdsmat wyspace, nethod(nodern) s2d(onem nus) force dinmension(3)
predict dl1 d2 d3, config saving(digitdata,replace)

This is the two-dimensional map we get:

MDS configuration
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It's a curious pattern. Gibson-Graham, Adams, ldadrey are all bunched together in
one part of the map, with everyone else scattereaba a vast landscape to the North,
East, and South. Strangely, Listokin and Gregoeypéaced quite close to one another,
despite a total of only 8 shared hits. But rettat multidimensional scaling is similar to
a map projection, with distortion as we go dowmfra many-dimensional hyperspace
down to the simple two-dimensional summary of taggor screen. Perhaps a third
dimension would help visualize a less-distortedesentation of space?

For this, we need one of the add-on packagesre tire thousands to choose from! --
written by other STATA users.

We can use the net command to look for a simpksetidimensional graphics routine |
read about on the user groups’ bulletin boards:

net search scat3

It gives you two options, choose the top one amdlitinstall. Then if you issue these
commands,

use digitdata
scat3 d1 d2 d3, m abel (Category)
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then you get this:

® Hanson

MDS dimension 3

Gjbson-Graham

® | istokin
Smith

MDS dimension DS dimension 1

This makes a little bit more sense -- Listokin &reégory are now clearly much farther
apart when we can see that third dimension. Bemh®o, looking across the matrix of
original numbers, it's hard to make a perfect tlaiesn between intuition and the MDS
results. It's not easy to think in mathematicgbénspace, especially when just a few of
the digital individuals -- Adams, Gibson-Grahamg &tarvey -- are such dominant
avatars.

Louis Wirth would have a lot to say about thosgfnanted identities, which look very
different depending on the circumstances in whiehewcounter one another in the
metropolis. Urbanism is now becomingligital way of life. Before most of her work
was co-authored with Gibson, Julie Graham publiskiglgly on economic geography
under her sole-author name. So let’s go backabdtginal matrix of Google searches,
and make that one small change:
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Total Shared Google Hits, with One Small Change.

Gregory Hanson Gould Adams Listokin  Smith Harvey Graham rDed/yly Hill
Gregory 0 1,460 1,530 7,030 8 6,930 27,000 366 1,930 444 3
Hanson 1,460 0 611 731 41 1,060 3,480 149 149 141 3
Gould 1,530 611 0 5,140 5 1,340 3,030 50 220 86 6
Adams 7,030 731 5,140 0 687 16,500 2,010 4 184 217 4
Listokin 8 41 5 687 0 460 105 4 284 1,780 3
Smith 6,930 1,060 1,340 16,500 460 0 26,300 522 4,650 1,810 307
Harvey 27,000 3,480 3,030 2,010 105 26,300 0 931 5,8905,410 359
Graham 366 149 50 4 4 522 931 0 344 24 5
Dear 1,930 149 220 184 284 4,650 5,890 344 0 135 100
Wyly 444 141 86 217 1,780 1,810 5,410 24 135 0 2
Hill 3 3 6 4 3 307 359 5 100 2 -

Note: total hits from Google search of +"name" +"namgéeagraphy, conducted January 18, 2012.

This small change has major consequences for \whadable looks like. And since the
table constitutes the constructed reality that & when the multidimensional scaling
routine kicks in, our change will result in a dif@t map. Run the code below to see
what it looks like:

mat ri x i nput

wyspace2=(0, 1460, 1530, 7030, 8, 6930, 27000, 366, 1930, 444\ 1460, 0, 611, 731,41, 1
060, 3480, 149, 149, 141\ 1530, 611, 0, 5140, 5, 1340, 3030, 50, 220, 86\ 7030, 731, 5140
, 0,687, 16500, 2010, 4, 184, 217\ 8, 41, 5, 687, 0, 460, 105, 4, 284, 1780\ 6930, 1060, 13
40, 16500, 460, 0, 26300, 522, 4650, 1810\ 27000, 3480, 3030, 2010, 105, 26300, 0, 931,
5890, 5410\ 366, 149, 50, 4, 4, 522, 931, 0, 344, 24\ 1930, 149, 220, 184, 284, 4650, 5890
, 344, 0, 135\ 444, 141, 86, 217, 1780, 1810, 5410, 24, 135, 0)

matri X col nanmes wyspace2 = (egory Hanson Goul d Adanms Listokin Smith
Harvey G aham Dear Wly

matri X rownanes wyspace2 = (egory Hanson Goul d Adanms Listokin Smith
Harvey G aham Dear Wly

matri X wyspace2=wyspace2/ 27000

mdsmat wyspace2, et hod(nodern) s2d(oneni nus) force di nension(3)

predict dl1 d2 d3, config saving(digitdata2,repl ace)
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The two-dimensional map looks very different
indeed:

MDS configuration

® Dear

® Graham

2
!

® WY Hanson ° H?ir(\?éﬁgory

Dimension 2
0
I

® Smith

-2

® [ istokin

°®
® Gould Adams

-8 -6 -4 -2 0 .2 4 .6
Dimension 1

Modern MDS (loss=stress; transform=identity)

Two more lines of code get us a three dimensicg@iasentation.
use digitdata?
scat3 d1 d2 d3, m abel (Category)

Gould

®
AGETS Hanson

Gregory

Graham

MDS dimension 3

MDS dimension DS dimension 1



The Do File

If you want to trace my steps in the analysis abgwa could type in each of the
commands to STATA, or you could cut and paste fthisidocument into the command
window. But there’s another way to save time withltiple commands. This involves a
“do” file, which is simply a collection of thingsetd like to ask the software to do for us.
You can download my do file for the first “Wyly spel’ example above from

http://www.geog.ubc.ca/~ewyly/g450/wyspace.do

Then in STATA, choose “File/Do...” and find theefiyou wish to run.

=fif Stata/SE 11.1 - C:\Documents and Settings\Dino.MEOW\My Documentsidigitdata?. dia - [Results]
Edit Data Graphics Statistics User ‘Window Help

5 Open... Chrl+O 3‘ 5| E
I Save Ctrl+5 X |Iteration 105: stress = .18463746
] e A |Iteration 106: stress = 18463743
save B ChrteShit+> - Iteration 107: stress = .1846374
View... . Iteration 108: stress = .18463737
Do... : Iteration 109: stress = .184063735
e Iteration 110: stress = .184063732
o i Tteration 111: stress = .1846373
e W iy (T oo Iteration 112: stress = .18463728
Log b b Iteration 113: stress = .18463726
Iteration 114: stress = .18463724
Import ' Iteration 115: stress = .18463722
Export v Tteration 116: stress = . 1846372
= print , Iteration 117: stress = .18463719
Iteration 118: stress = .18463717
Example Datasets. .. ' Iteration 119: stress = .18463716
' Iteration 120: stress = .18463714
Recent Datasets i Tteration 121: stress = .18463713
Eadt Iteration 122: stress = .18463712

0 Tdsmat WySpace, methodimoder. , .
41 predick d1 d2 d3, config savingidi...

4+ atiix InpLt Wyspacez=(0, 1460, ... Modern multidimensional scaling

43 matrix colnames wyspaceZ = Gre.., simil ‘?“ﬂ-' FY_ mat'_"-l ®l WSPa'_Cez R
44 mabrix rownames wyspaceZ = Gr... dissimilarity: l-similarity
45 makrix wyspaceZ=wyspace2 27000

46 mdsinat wyspaceZ, methodimode. ., Loss criterion: stress = raw_stress/norm(distances’

47 predick di d2 d3, config saving(di... . Lo - A
48 use digrdaka Transformation: identity (ho transformation)

49 scats dl dZ d3, mlabel{Category)

50 makrix input wyspacez=(0,1460,... Mumbe
51 makrix colnames wyspaceZ = Gre... Oimer
52 makrix rownames wyspacez = Gr.., Mormalization: rincipal Loss
53 makrix wyspaceZ=wyspacez 27000 - p P

54 mdsmat wyspacez, method{mode, ..

55 predick d1 d2 d3, config saving(di... -
. predict dl d? d3, config saving(digitdata2,replace)

Yariables x

Marme Label Type  Format

_Cateqgory byte  %:9.0g

Category skrd Yol

i VoS dve.. ok S50
dz MDS dime...  float  %%9.0g

d3 MDS dime..,  float 262,09

This file will take you only as far as the two-dinsonal MDS map; you’ll need to make
sure the “scat3” package is installed if you wanptoceed with the three-dimensional
plot.

The second example, with Graham instead of Gibs@h&in, is at
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http://www.geog.ubc.ca/~ewyly/g450/wyspace2.do
Get Creative

This is just one brief illustration of one kind thing we can do with STATA, and with a
monstrous collection of cheap colored pens snagg€mstco.

Think creatively about the kinds of urban questiesmight be able to explore through
the decisions we make in measurement, scalingyiaodlization. While some spatial
relations are ‘out there’ waiting to be discoveaed mapped through conventional
approaches, other spaces are actively made byegigi@hs, subjectivities, and
imaginations. Let’s get to work mapping and imaggnthe urban worlds we wish to see!
For more detailed information on STATA, considesking at some of the resources at

http://www.stata.com/links/resources1.html
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