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Abstract

The goal of the 30Cities Project is to support IRS policy decisions by finding a small number

of city clusters, where the cities within each cluster will respond similarly to IRS interventions.
This report describes two types of analyses based on U.S. Census 2000 data. Theaurfirst i
agentclass analysis. In this analysis city clustering operations are based on the correspondence
of population profiles for pairs of cities. Extensive effort using this analysis framework in
conjunction with the SAS statistical package demonstrdtas dlthough the framework is
conceptually straightforward, it is computationally impractical and conceptually impoverished.
The second analysis framework, the eiatching analysis, combines city summary and
population heterogeneity metrics with informoat access constraints and taxpayer categories to
create a citymatching index for each pair of cities. The aiytching analysis thus shifts the
basis of analysis from a cityds population pr
providesihookso to | RS classification schemes to
clustering operations in this framework are based onngétching indices, which were analyzed

by traditional social network analysis techniques using the OrganizatiolkahRatyzer (ORA).
Although the issue of how best to integrate the various components of theatdly index

remain unresolved, exploratory results show promise by vyielding actionable city clusters. The
city clusters, however, only account for 95 of th& 2&ies in the Census 2000 data. Together,

the two analysis frameworks raise questions as to whether canonical city types exist. At this
point, it does seem reasonable to believe that iterative development of the nasaeatatiiyg
analysis, coupled wh virtual experiments to validate results provided by the framework, will
yield actionable information for IRS interventions. Whether that actionable information will
employ canonical city clusters, however, remains unclear.
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300 Cities

Overview

The goal of the800-Cities Projects to identify canonicalcity types which can subsequently be

used to identify intervention strategies. To elaborategoalis to find a small number of city

clusters, where the cities within each cluster provide similar social constraints on agent behavior.
Since the cities included in each city cluster are alike, a canonical city can represent the entire
cluster. Thus,the identification of cityclustersprovidesfor economy of effortn subsequent
simulation studies because we can run simulations tisg@anonical cities that represent city
clusters rather than having to run simulationssfmch of thendividual cities.In the long term, it

also provides guidance for prudent application of IRS interventions.

The 300Citiesmoniker for this project stems from an estimate oftth& number ofcities in

the United $ates as defined usirRyimary Metropolitan Statistical Areas (PMSAs) and

Metropolitan Statistical Areas (MSAs) in Census 2000 datashe term city, as used in this

report refers one of the 297 PMSAs or MSAgailableintheCe n s us Bublic&seu 6 s

Microdata SampleRUMS) 5% data seDuetothecCe ns us B ur e ainclaspnircthiei t er i a
PUMS data sedn additional0 MSAs with small populationgere excludedrom the data set

and hence from thanalyses performed for this project

Ourinitial approactto finding cluwsters of similar citiess conceptually straightforward. We first
define agentlasseSas combinatiosof socieconomic variables. We then count, for each city,
the number of people in each agelass. Next, we construct a social distance metdasurig

the similarity of citiedy correlating the populatigorofiles of ageniclassedbetweereach pair

of cities. Finally, wecluster cities according to their social distances. Our clustering operations
employedMulti-Dimensgonal Scaling (MDS)n SAS

Difficulties encountered during the ageméss analysis led to an exploration of whethéeep
structureanalysisn ORA could be used to identify canonical city typ&xploratory results

were promising, and led to a revision of our initial, aggass analysis to include additional
city-level metrics in the calculation of social distances among cities. The nevnatty

analysis, we believe, will provide results thaémore actionable with respect to policy decisions.

Given the centrality of agélass definitions in the analysis technigdescribed in this report,

the results of the analyses should be interpreted more as a proof of concept for a general

technique than as analytical findings per se. The results described are only illubtastive

clusters found using this technigwél vary depending on how ageciasses are defined. The
sensitivty of the techniquetoagentl ass definitions provides a me
to alternative schemes for classifying people which beagnore in line with current policy

decisions or organizational missions.

Thenext sectiordescribs source datérom the Census Bureau in some detail. Subsequent
sections addresgyentclass definition, social distance construction, and clustering tiueséor

'WAgentod is used in the social simulation sense of an e
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300 Cities

the agentlass analysidollowed by similar descriptions d¢iie citymatch analysisA
conclusion and future directions section ends the report.

1 Source Data

In order to perforntity clustering city characteristicenust be defined and measures of their
similarity (or dissimilarity) produced. Government statistical sources in the public domain were
the immediate choice for reasons of economy and ease of access.

The followinggenerakharacteristics wereonsideredkey for selectingthe datafor analysis:
o Urban areas/citiesan bedefineda consistent way.
o Nationalin scope.
o Available without special restriction.
0 Amenable to clustering and multidimensional scaling.

The US Census Bureavasconsidered the most promising source @000 Public Use
Microdata Sample (PUMS-percent sample was selected. The PUMS data based on
Census Long Form amtovides information on individual heing units and persons, which
allows great flexibility in datanalysis. The PUMS also identifies housing umtsrban ares
by city (MSA/PMSA) Due to privacy considerations, PUMS data limits the geographic
resolutionwhen compared tother data prodtts employing Census Long Form détar
example predefinethbular dath Since the intent was to characterize cities, this lower
geographic resolution was considered accept&blecertain analyses, the PUMS data was
augmented using geographic informatéyawnfrom the Summary File 3 (SF B)] presentation
of the Censukong Form data.

ThePUMS dataetemployed in the studwasderived from informatiorcollected during the

2000 Censuandis slated for replacement by the Americaan@nunity Survey (ACS) in the

near future.The ACS surveys households more frequently thardecennial census and uses
many of the same survey questions and coding schema&sng itsubstantialljcomparable to

the PUMS data. However the curré&@S coding scheme does not assign an urban area code
and the annual survey collected for the A€Smaller in size than the census data set, leading to
the use of data collecteerlongerperiodsin time for smaller demographic units. For the
presenstudy, the additional effort required tsseACS data did not seem justified. However,
employmenbf ACS data in future studies is contemplated.

1.1 PUMS Overviewand Description

The data for the analysis was drawn from the US Census RQblc Use Microdata Sample
(PUMS)5-percent sample. The PUMS data set provides information about individual housing
units and persons, along with a weigteach recoravhich can be used to expand the sample
to a population total.

The PUMS was created from responses to the US Cefi804 »ng Form questionnaire, which
was distributed to selected household units at varying sampling rates:
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There were four different housing unit sampling rateisi-&, 1-in-6, 1-in-4, and

1-in-2 (designedor an overall average of abouir:-6). The Census Bureau
assigned these varying rates based ofcensus occupied housing unit estimates

of various geographic and statistical entities, such as incorporated places and
interim census tracts. For peoplétig in group quarters or enumerated at long
form eligible service sites (shelters and soup kitchens), the sampling unit was the
person and the sampling rate wais-b. [2] (Page5-1)

The Census Bureau then selected individual Long Form responses to create a uniformly sized
sample for the entire nation, including territories. Two PUMS samples sizagadliable 1-

percent and fpercent. The lagr 5percent sample was employed for this study since it
provided better geographic resolution amcluded data omore housing units and individuals.

The PUMS data contains two types of data recordsugthg unit recordprovideinformation
about the busing unit such as size, age and type aloitiy a unique (by state) serial number.
Each hoummg unitrecord is followed by one or more person records, containing demographic
and financial information aboain individualwho is a membeof the householdEach person
record also includes a serraimberwhichties them to the household record.

The PUMS data includes informationmultiple categorie’s
o Housing Unitrecord(114variable$, fixed length of316 characters)

o Size
Age
Type
Cost
Taxes
Location
Income

0 Residents
o Persorrecord(164variable$, fixed length of316 characters)
o Demographics (Age, Race, National Origin, Gender)

Citizenship and Migration
Family Relationships
Education
Disability
Military Service
Occupation
Commuting
Income

O O0OO0OO0OO0Oo

O O0OO0OO0OO0OO0O0Oo

2 For a complete description consult referefide

3 Excludng administrative, filler and flag variables, approximately 75 housing unit variables were candidates for
inclusion in the study.

* Excluding administrative, filler and flag variables, approximately 106 person variables were candidates for
inclusion in tke study.
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1.2 Data Weighing

The PUMS 5percent data includes a weight for each housing unit and person, which is the
number of actual housing units or persons the record is considered to represent. For this study
the weighted values wetesed to create similaritgissimilarity measurer each city. For

instance, the population of a city was computed as the sum of the person weifjiisreba

records for a givenity, not the raw count of individual person records.

1.3 Urban Areas Definitions andPUMS Geographic Sampling

The PUMS uses U.S. Office of Management and Budget (OMB) Metropolitan Ardes &%l to
define urban areas.
The general concept of a metropolitan or micropolitatissizal area is that of a core
area containing a substantial population nucleus, together with adjacent communities
having a high degree of economic and social integration with that[8bre.
Theterminology,definition and the geographic outline of Metropolitan Areasvaried with
timein orderto track the evolution of American cities. For the 2000 Census, the MA definitions
for 1999 were useflt], [5], [6], [7].

AMAs are defined in terms of countiesé I n New
termsofc i t i es aofBH(pageB-b)nr &A must meet a series of requirements. For

instance, an MAnust include either a city with at least 50,00Babitantsoif A Census Bur e
defined urbanized area of at least 50,000 population, provided that the component

county/counties of the MSA have a total population of at least 100,[B)@PageB-3), except

in New England where different standards apply.

MetropolitanAreas vary widely in population size. In the 2000 Census, the largest metropolitan
area (New York-Northern New Jerseyt ongIsland, NY--NJ--CT--PA CMSA) contained
21,199,865 persons on April 1, 2000 while the smallest (Enid, OK MSA) contained $9],813

In the 1999 denition, a two level hierarchy is available for largeetropolitan areas. The entire
urban area is termed a Consolidated Metropolitan Statistical Area (CMSA) and contains two or
morePrimary Metropolitan Statistical Are@PMSAs). Smaller urban arease simply

designated Metropolitan Statistical Areas (MpA

IMSAb8s, CMSAbsi Whrad 6BRMS Adkes Di fferencég

Metro areas with a million or more
population and commuting criteria are met and there is local supmort P M|S
When areas are divided into PMSAG6s

areas that are not sulpld{Paged)ed ar e |

In this studytheanalysis was performagsingMSAs andthe IMSA components of large urban
areas rather than the CMSA. Since creation of CMSASs is not congistethe existing CMSAs
coverlarge geographical areas, usually with multiple core afeagXample th&Vashingtor-
Baltimore, DG-MD--VA--WV CMSA), the PMSA level was considered to be more relevant for
the study.
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The PUMS uses Metropolitan Areas for certain data fields but intesduseparate geographic
concept to group PUMS data. While the Census Bureau has detailed geographic information on
the household location, large sample areas containing some 100,000 individ defenawaio

group the PUMS data records.

A Public Use Mcrodata Area (PUMA\is a decennial census area for which the

Census Bureau provides specially selected extracts of raw data from a small sample

of long-form census records that are screened to protect condilityn These

extracts are referred to as "public use microdata sample (PUMS)" files-ddrednt

PUMAs comprise areas that contain at | east
PUMAs cannot be in more than one state or

Conpared to other census products, such as the Redistricting Data File and Summary
File 1 (SF 1) (based on 100 percent counts released at the census block level), or the
Summary File 3 (SF 3) (based on the Census 2000 long form sample released at the
censusract/block group level), the PUMS contains less geographic specificity, and a
much smaller sample siZd.1]

The PUMAs employed for the 2000 Censusraegle up using counties or couetyuivalents in
whole, in part or in combinatigi2]. PUMASs may be discontinuou® PUMA maylie entirely
inside oroutside avietropolitan Area It may be partly rural and partly urban.nlay include
more territory from more than odetropolitan Area In cases where a PUMA lies partiyt
not entirely within singléMetropolitan Areathe following encoding is used to designate the
Metropolitan Area:

D MSAPMSAS 4 28 31

T Metropolitan Area: MSA/PMSA for PUMA

R 0040..9360 FIPS MSA/PMSA Code

V 9997 .Mixed MSA/PMSA and nonmetropolitaerritory
V 9998 . 2 or more partial and/or entire MSAs/PMSAs
V 9999 . Not in metropolitan ar¢d] (Page 724)

Consequently, any data from mixed sample areas is not attributable to a Metropolitan Area and
could not be incorporated in the study. Since smaller Metropolitan Areas costaihde the
minimum population size for a PUMA, no ddtam themis identifiable and thentire

Metropolitan Area was not included in the stidgeFigurel).
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Figure 1. Wyoming: Example of PUMAs Larger than Metropolitan Areas.
Wyoming Public Use Microdata Areas on left (outlined in blue), Metropolitan
areas on right (shaded). PUMAs 00200 and 00400 are classed as mixed.

i h | MONTANA i 30200 (i) | | Db;;

Of a total of 337 MSA/PMSAs used during the 2000 Census, 40 were classified as mixed in the
PUMS 5% sample and were not available for analysis, leaving 297 for incinglmnstudy

1.4 Geogaphic Coverage

The studyusedall Metropolitan Areasncluded in the PUMS-percent sampléhat arewithin
thestates of thé&Jnited States (including AlaskendHawaii) and the District of Columbia. U.S.
Territorieswere excludedn practical terms, amanthe U.S. Territories only the
Commonwealth of Puerto Rico included Metropolitan Areas in the 2000 Census.

1.5 PUMS Privacy and Data Accuracy

Since PUMSlata isprovided at the level of housing units and persons, certain steps are taken by
the Census Bureau to ensure privacy by making it difftoulientify individuals based on
PUMS data. This place®melimitations on the data used for the clustering study.
0 MA Encodingi As described above, PUMBpercentdatais presented as if it was
drawn from a geographic block of roughly 100,000 perstirthe sampling block does
not lie entirelywithin a single Metropolitan Area, the MW is notcodedfor those data
recordsin A geogr aphi c mamwenofloOE0tpophiaton & befully
identified in the 5 percent fiie 0 [1] (page 42)
o Top Codingi Forcertain data variablgsthehigh and low values are obscured by using
a single predefined valuestead of the actual data. Rop codes, any valughich
exceeds the national minimal value (national 99.5 percentile for dollar amounts, over 90
for age) is replaced by the state mean value. For low v@doiem codes)any dollar

® Eleven housing variables and nine person variables are topcode®B0feublic Use Microdata Sample files
Age was topcoded for person records, while the remaining nineteen values were dollar amounts for expenses, taxes
and incomes.
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amount below $10,000 is replaced-t{,000[13] Whenaggregatedy state data top
coded using this procedunsuld yieldaccurate total values. Since Metropolitan Areas
usually do not cover thentire state anchay state cross state boundaries, bias may be
introduced by thisop coding

o Dataswappingiiéi s a met hod of disclosure | imitat
confidentiality in data (the number or percentage of the population with certain
characteristics). Data swapping is done by editing the source data or exchanging records
for a sample of cases.gample of households is selected and matched on a set of
selected key variables with households in neighboring geographic areas that have similar
characteristic®.[1] (Page 41) The bias effects of data swapping are unknown, but
Aféthe swap often occurdl]Ragedi)iwhich maymepi ghbor i
reduce the bias effects

2 Agent-class Analysis

2.1 Agentclass Definition

Agentclasses are defindy a combination ofocioeconomiwariablesdrawn fromextant data
sourced the 5% PUMS data set in thease Each variable in the combination corresponds to
one dimension of an agemthereeach dimension has two or more nominal or ordinal values
(e.g, gender: male, female; age:-26, 30-39, 40-49; etc.).A preliminary step in agesdlass
definition, thereforerequires that continuous variableghe source datauch as age or income
bedivided(i.e., binned)nto a reasonable number of ordinal values

The selectiorfand binning)f socioeconomiwariables used to define agasthsses iof core
importanceThe variables selected comprise the core link between simulation studige and
realworld populations the simulatiorse intended to represent. T$edected variableslso
affect the structure thatill be detected with clustering techniqiexause age-classes are
used to construct the social distances on which clustering operations are performed

2.1.1 Selection and Mapping ofPUMS Socioeconomid/ariables

Our agentlass definition schem@ ersion 2.2°is shown Table 1. The schemensists othe
15 socioeconomic variables wieed to classifpeople in the current analyskor each variable
of interest, the table provides the number of bins, bin values, corresponding source data
variable(s), and a short descriptidBach combination of values ftrese 15 variables defines
one 15dimensional agentlass.

® We iteratively revised our binning scheme in an effort to reduce the memory requirements for analyses using 32

bit SAS on a Windows platform. The binning scheme impacts the number ofciaesds. Agentlasses, in turn,

are treated as variables in some ofdlustering operations we desired to perform in SAS (i.e., principle components
analysis, nonhierarchical <clustering). Even with the |
limits for conducting these analyses. Further revisions tdioming scheme for the purpose of reducing memory
requirements in SAS appear counterproductive.
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Table 1: PUMS Data Bins

Mapped # PUMS Source Description
Variable | Bins Values Variable(s) (and Notes)
arace 5 Asian, Black, Hispanic, Other, | RACEL, Race(using pre2000
White HISPAN census definitions).
agebin 5 <30, 30s, 40%0s, 60+ AGE Age
asex 2 Male, Female SEX Gender
ams 2 Married, Not Married MARSTAT Marital status
aparent | 2 Parent, Not Parent RC Parent
akids 3 0,1, 2+ P18 Children under 18 yrs
in household
aed 4 No High SchoolDiploma, EDUC Educational attainmen
HSD/SomeCollege, BA/BS,
Professional/Grad
aocc 9 Unknown,Professional Service, | OCCCENS5 OccupationCensus
Office & Sales,Agriculture, Bureau categories)
Construction,Transportation,
Military, Unemployed
ai 2 Linguistically Isolated Not LNGI Linguistic isolation
Linguisticallylsdated (household ability to
understand English)
abuilding | 3 SingleFamily House Near a BLDGSZ Building size
Few, LargeApartment
CompleXGQ
atenure |4 GeneralQuarters, within 1 year,| YRMOVED Year household move
within 2 years, 3+ years ago to current home
ainctot 8 Loss, None, <15K, <30K, <50K INCTOT Total income
<80K, <120K, 120K+
aincnw 4 Loss, None, <U.S. Median, U.S INCINT, Sum ofnonwage
Median+ INCRET, income
INCSS,
INCSSI,
INCPA,
INCOTH
ahapi 4 Loss, None, <U.S. Median, U.§ SMOCAPI, Housing expensess
Median+ GRAPI percentage of income
apov 2 Poverty,Not Poverty POVERTY Living in poverty

status

2.1.2 Observed AgentclassCharacteristics

Forall analyseslescribed in this repgrive excludedlata from rural areas amaixed
PMSA/MSAs(PUMS MSAPMSAS code8997, 9998, and 999%SChildren less that5 years
old were als@xcluded because their incomeg&mnot reportedwith the remaining PUMS data,

CMU-ISR-08-122
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we classifiedeach person in a cityy agentclass, andallied the number of agenits eachagent
class.

Using binning scheme version 2.ppaoximately 1.02 million agerdlasse41,002,277%o be
exac) outof a possiblel32,710,400agentclasses containedt least one persomhe median
number of agents per class vais The smallegtopulatedagentclass had memberagentithe
largestclass hadb 05,877 agent§ hus,one person in the U.S. is unique in termshef
socioeconomic variablese used to define ageritsthis analysi<. Thatpersonis awhite female
i n h e marriéd) riossa parentying with no kids holds an advanced degreeinishe
military, speaks English, has lived in lenglefamily housel year or lesshas a50-80,000
income withnonwageincome less than the national mediaas nil housing expensaadis
living above the poverty maifagent classvf4Amn03mnl1l_41xn The most commonlassof
agent(wfémn01unl3_121n}¥ a white female60+years old married, not a parent, living with
no related childremgraduated from high school and took sarnflegecoursesis unemployed
speaks Englisthas lived in hesinglefamily house for 3+ years. Héotal incomeis $30-50,00Q
with nonwageincome below the national mediater housing expensdasa percentage of
incomg areless than the national medjamdshe igliving above the poverty line

This most commoragenitclass(wfémn0lunl3_121ns found inall 297 cities in the U.ver
50% of the agentlasseshoweverare localzedin i hence unique to one city All 297 cities
havesomeuniqueagentclasses. fiate a ¢ h populatipnisscomprised of unique agent
classesndicates thasome degree of treocial contexexperienced irverycity of the U.S.
stems fromdiosyncraticdiversity inthelocal population.

City-unique diversity (i.e., agemiasses found in only 1 cit@ccounts foa median o#.4% of a
cityods (seepigule?.The oity with the highest proportion of unique agelaissesn
its populationis Honolulu, HI(24.3%) The city with the lowest proportion of unique agent
classes in its population is Sharon, @A8%)

" Since the PUMS data set is a weighted 5% sample, there may be other unicuaéaagestin the general
population; similarly cityunique or unique ageittasses may in fact be namique when considering the general
population.
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Figure 2: City Unique Diversity.
Percent of city population composed of unique agent classes.
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Figure 3 depicts population diversity in citi@sgardless of agemiass uniquenes$he median
number of agentlasses per city was 8545. The city with the least diversity in its population was
Sioux Falls, SO with only 2439 agentlassesLos AngelesLong Beach, CAad the most

diverse populatiorgomposedf 186,652agentclasses.
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Figure 3: Number of Agentclasses per City
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2.2 Social Distance Construction

For each cityye created a City Agent Profile (CAP) frahee number of agentgerobserved
agentclass CAPs are vectorwith ~1.02 million elements (one pageniclasg that describe
cities in terms of the composition of their agent populations.

Pairwise correlations between CAPs yield
populationsPairwiseCAP correlations thus form the inverse of awgasure of the social
distance between cities.

As can be seein Figure4, CAP correlationsanged from a minimum of .0qQ&aredo, TX and

Manchester, NH)o a maximum of .91@Pittsburgh, PA and Clevelasdrain-Elyria, OH) The
correlationsvere normally distributed with a mean.dBanda standard deviation oi5.
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Figure 4: Distribution of City Agent Profile (CAP) Correlations.
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2.3 Clustering Operations

The correlations among CARBsrvedas input tdMulti-Dimensional ScalingMDS) analysesn
SAS andanexploratoryORA deep structure analysis. To anticipate the concluieripw
dimensional descriptions of structure in the social distances between cities producetBbSour
analyses praded little insight for clustering of citiesvhereashe exploratoryORA deep
structure analyseshowed promise as a technique for defining city types.

2.3.1 Multi-Dimensional ScalingAnalysis with SAS

The pairwise CAPs correlations for the 297 ciesvedas a proximity matrix imnordinal
MDS. Solutions for models with 1 to 10 dimensions were explored.

2.3.1.1Raw Counts Model

Examination of the scree plfdeeFigure5) shows a relatively smooth reduction in stress
(improvement in model fit) as the number of dimensions in the model incr&desen with a

10di mensi onal model , t(\Meevouldiliketheisteess todd belG@gl@.)o d O

Although there is no obvious elbowtime scree plot, improvements iit €lue to increased

CMU-ISR-08-122 -12- CASOS Repdr
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dimensionalityappear to diminish substantially startingraadels with3- to 4-dimensions. The
fit for the 3 and 4dimensional models, however reativelypoor. All in all, these results
indicate that structure in the proximity tna is relatively weak.

Figure 5: Scree plot: Stress as &unction of MDS Model Dimensions

Badness-of-Fit Criteri

[=Rele sl -hehehe el Rehelelel s - ehehe e el el sl -l
~N
oa
1

Number of Dimensions

Visual inspection of the 366ities in thethree dimensional soluticshows a reasonable
dispersion of the cities but no apparent-cilysters (se€igure6 throughFigure8).
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Figure 6: City Coordinates in MDS Solution: Dimension 2 versus Dimension 1.
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Figure 7: City Coordinates in MDS Solution: Dimension 3 versus Dimension 1.
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Figure 8: City Coordinates in MDS Solution: Dimension 2 versus Dimension. 3

Dimension 2

4

“+
H
+ +
+ + +
+
+
A + +
+ + +
+ N .
+ + +
+ + + + + + + 4 +
+ +
o4 + + T 4
+ + 4 =+ +
+ + +
+ + t+
+ + 5 + 4+ F et W oy H +
+ o 7 + s
+ ++j+ + Tty ++# +
* P f‘%-{ o ﬁﬁﬁ S + =+
+ + + + F+ +
i o * +++§'§* oy + + o4+
+ if* b ekt + +
4 N +H 4 ¢++ £ s +
+ T o+ ty
P T + *
+ + +i+ ++ 4+ +
+ + F+ +
+ +
+ + + +
+
+ + + L e
+ + o+ +
T T e T — —

2.3.1.2Rejected Transformations

The properties of social distances construasdgagentclass counts are largely unknown at
this point, as it is an area of ongoing development. Concerns over the impact that anomalies in

the distribution of agentlass counts may haveo Pear sonds

Dimension 3

c 0 and the MDS i

on C

analysided to an examination of several data transformations commonly performed on count
data. To reduce the impact that exceptionally large counts for commonrctass®s may have

on our social distanceetric, we took the squam@ot of ageniclass counts; computed pairwise
CAP correlations; and then performed MDS analyses. No substantive differences in the fits
produced by transformed versus raw aggass counts were found. We also examined the

impacto f u s i

ng

proportion

of

a cityéos

popul ati on

substantive change in the MDS model was observed. The impact of using an arcsine
transformation of the proportions of city population in CAPs was also exafniagain withno
substantive change in MDS model.

We also examined the impact that aggregatinguaiigue agents into a single agetdass(cf.
ot her 0 would haavegon the/ MDS solution. The results again were not substantially
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different from the basianalysis. Finally, we examined the impact of removinggrtigue
agents and common (widely distributed) agelasses which were found in 290 or more cities.
The resulting MDS solution in this case was substantially worse.

2.3.2 Exploratory Deep-structure Analysis with ORA

As described thus far, various binning schemes and data transformations failed desyiredt!
clusters of similar cities. Although the agetss analysis is conceptually straightforward, the
useof detailed agentlassess the basis of city similarities is impractical when using SAS as the
analysis package. The problem arises from the fact that the number e€lageat produced by
a particular binning scheme can easily be in the millions. With the exception of dM3&®ring
procedures available in SAS (e.qg., floararchical clustering, principle components analysis)
require thaktach agentlassbe treated as separatevariable Although SAS, in principle, can
perform clustering analyses on millions of variables,ithplementation of 3Bit SAS under
Windows imposes memory limitations that effectivphgventalternative agentlass analyses
Therefore we were unable to determine whethiernative clustering techniques in Swsuld
yield better results.

The clusering techniques available in ORA (e.g., Concor, Newman Grouping) provide a viable
alternativeapproachGiven thatle poor fit othe MDS modelggeneratedavith SASimplies a
relative lack of structure ithedistances computed froagentclasseswe find no evidence of a
small number of citglusterswhen we assume that citjusterscan be discerned using a small
number of continuous dimensions to descalbeocial distancemgarandfar alike) among

cities. This raises the possibility that our asgtion of continuous underlying dimensions in a
model of all social distances is too stringent. If we relax this assumption by filtering the social
distances such that weak similarities between cities (i.e., far distances) are removed from
consideration,iten ORA clustering techniques may provide discernablekisters

The following figure(Figure9) shows the resultsf @xploratory ORAclusteringanalyss in

which the CAP correlations were progressively filtei@demove fasocial distancef.e., weak
similarities) As can be seen by the color coding of Newman Groups, @¥Rts 63 city types.
This aspect of the deegtructure analyses showsomise.The analyses, however, only account
for a subset of the 297 cities.
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Figure 9. City Clusters via ORA Deepstructure Analyses on Filtered City Distances.

2.4 Lessons Learned from Agerdlass Analysis

The naive apprazh to finding similar cies is to create detailed agefdsses and thgyerform
clustering operations in a statistical package (e.g., SA83 was done. There are two problems
with this approachFirst, the number of agent classes is in the milliordstaols such as SAS

and SPSS$vere not designed to run clustering algorittongdatasets with so many variables (i.e.,
agentclasses)Unfortunately,a 64-bit versionof SASwasnot available within the time and
budget constraints of the project (nor isettain that this version would have improved results)

Secondmeaningful comparisoaof cities to enact policies does not require similarity in the
percenage of agents by detailed agelassesThis conclusion was prompted by the exploratory
ORA deepstructure analysis. As we move to more traditional network analysis techniques, the
issue of information diffusion within a society comes to the forefront. The diffusion of
information in response to IRS interventions depends on more than the corresparsfden
population profiles among citidsan implicit assumption behind using CAP correlations as
social distance metric¥he citymatching analysis described in the next section addresses this
issue.

3 City Matching Analysis

Lessons learned from the ageldss analysis indicate the need for a new approach to
constructing social distances between cities that is better tuned to similarities in information
diffusion characteristics of cities. To adequately capture similarities in information diffusion
among dies requires metrics not only of population composition as provided by detailed agent
classes but also of int@ty forces that either impede or foster information diffusion. In this vein,
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