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Abstract

This paper presents the results of a cross-sectional study that analyzes housing characteristics
and the demographic makeup of Chicago community areas. The study is part of a larger project
that uses data mining techniques to evaluate and model changes in neighborhoods that may lead
to gentrification or abandonment, and ultimately to the loss of affordable housing. Our initial
analysis has defined a typology for the seventy-seven Chicago community areas by classifying
them in five segments according to median income level, education, race, and crime rates. Such
a classification is important to understand similarities among the communities and to predict
where changes are more likely to occur. For instance it can be hypothesized that gentrification is
in progress for those communities that do not fit in just one type, but show subareas that belong
to a higher-income segment.

1. Introduction

This paper reports the initial findings of a stuitiyat applies data mining techniques to
monitor and analyze changes in Chicago neighboihooding a variety of data sources on
Chicago housing characteristics and population dgaphics.

The main goal of the project is to predict thosanges that may lead to loss of affordable
rental housing. Data mining techniques will be usedentify a set of variables or risk factors
for the loss of affordable rental housing throughtgfication or abandonment. The definition of
affordable rental housing varies, typically a réntait is considered affordable when its rent
price is less than 30% of the tenant's income. (Hesation often leads to loss of affordable
rental housing since it changes the neighborhoadscstructure through housing investments
which attract higher income people to the area [1].

The goal of this initial analysis is to identifyrgiarities among Chicago neighborhoods and
to create a typology for the seventy-seven Chic@gomunity areas.

A previous study used clustering techniques toyaeah set of 1996 Census variables on
occupation, tenure, household structure and mphidit the city of London [2]. This study
showed that community areas in London could be mgduinto twelve different clusters,
characterized by working class residents, youngbilmomiddle class renters, working class
private renters, and middle class owner occupibd s [2].



A study by Helms [3] analyzed Chicago building p#rdata from 1995 to 2000 to predict
building renovations. Permit data describe alteratand repair work done on a building
including the type and estimated cost of work. Tétedy demonstrated that building
characteristics such as age, number of dwellingspyaind number of stories were significant
predictors of renovation. The data analysis alsswgld that 3 neighborhoods in Chicago would
be more likely to be gentrified [3].

There are several other studies that used mubieaanalysis for predicting gentrification.
Ley and Dobson produced a regression model forrifjedt communities in Vancouver from
1971-2001, and found that the areas with smallstadce to the beach and higher distance to
commercial areas are more likely to be gentrifidfl Wyly and Hammel applied stepwise
discriminant analysis using census data from 1960000 for the cities of Chicago, Milwaukee,
Minneapolis-St. Paul, and Washington, DC, and disoed that the most powerful indicators for
gentrification in Chicago were income and educafidn

The following section describes the datasets usethe initial analysis described in this
paper. The cluster analysis technique and restdtsaalao described in section 2. In section 3,
conclusions and future work are discussed.

2. Methodology and results

The available datasets and their variables aredlish detail in table 1. Observations are
aggregated at the census tract level and are dntitecity of Chicago. Census tracts are small,
relatively permanent statistical subdivisions afaainty, designed to be relatively homogeneous
units with respect to population characteristiecyr@mic status, and living conditions for the
purpose of presenting data. There are 878 ceratts tn Chicago based on 2000 Census data.

Table 1. Available data sets and their variables
Data set Name Variables
Race (Proportion of White, Hispanics, Black, Astard others),
Rent (Proportion of renter Occupied housing, Reite,
Census 2000 Education (Proportion of +25 that Completed 0-8rgesghool, Bachelor or Graduatg
Population (Income, Language spoken at home, Magrpt

Age of building

Proportion of Alteration and Repair, New constrotand Demolition for Residentig
and Business
Building (2000-2004) Proportion of Building violati, Building illegal conversion, and No heat
Proportion of Total crime, Murder, Robbery, Rapssault, Theft/Larceny, Property
crime, and Personal crime
Foreclosure (1998- Proportion of Total foreclosure, Apartment forecias Condo foreclosure, Single
2008) family homes among foreclosure, Vacant building aghforeclosure

~—

Permit (1998-2004)

Crime (1998-2007)

As discussed before, the studies by Daly [2] amethH[3] showed that cluster analysis is
very useful to analyze geographical data and tatera topological map of community areas.
We applied case-based K-means clustering to thaeselst listed in Table 2 below, using the
statistical software SPSS [5, 6]. K-means clusteisra powerful and efficient technique for
clustering from large data sets. The K-means algoriclassifies the observations in a certain
number (K) of clusters based on the set of selece&édbles. Cases are grouped according to their
similarity with respect to these variables. Thues wariability within clusters is small and the one



between clusters is large. The application ofkimeans clustering depends on the number of
clusters and the choice of the similarity metric §h Unfortunately there is no general solution
to find the optimal number k of clusters. Typicallyge number of clusters is selected by
comparing the results of several runs of the ctugjealgorithm with different k classes. In our
study the optimal number of classes was found tiviee after applying the clustering technique
with a number of classes k varying from 4 to 7. Teater of the cluster was chosen as the
average of the elements of that cluster and thectsa distance metric was the Euclidean
distance; the clustering algorithm converged at 12 iteration (there was no change in the
cluster assignment after this iteration).

The variables that were used for the clusteringlyaigaare shown in Table 2. All the
variables are binned in 4 equal sized categorid3 [825% of max value], 1 [25% - 50%], 2
[50% - 75%] and 3 [75% - 100%].

Table 2. Variables and datasets that are used for ¢
Data set Name

lustering
Variablesare used for cluster analysis
Race (Proportion of White, Hispanics, Black, Astard others),
Rent (Proportion of renter Occupied housing),
Education (Proportion of +25 that Completed 0-8rgesmhool, Bachelor or Graduatg),
Median Income

Proportion of Alteration and Repair, New constrotand Demolition for Residentig

Census 2000

Permit 2000 )
and Business
Building 2000 Proportion of Building violation, Bding illegal conversion, and No heat
Crime 2000 Proportion of Total crime

The results of the clustering analysis are displageTable 3 below. Each row lists the number
of observations and the average values of theidiswating features for each cluster. A color
was assigned to each cluster for better visuatinatif the clustering results in terms of their
mapping to the Chicago area (Figure 1).

In summary, Red areas are primarily Hispanic, Woth education, low income and low rent
price. Green areas have a larger number of Whipailption with medium education, medium
income, and low crime rate. Orange areas have predmtly White residents with high
education and high income. Yellow areas have a anisacial makeup. Blue areas have
predominantly African American residents with lowdueation and low income, low rent
housing, high building violations and high criméesa

Table 3. Results of cluster analysis

cluster # number income 0-8years bachelor or Race rent rent building total

of case ($1000) school graduate occupied price | violation | crime
Hispanic

0, 0, 0 0, 0,
1 (Red) 175 36 30% 11% (73%) 60% $571 2.7% 8%

2 o o White 0 o o
(Green) 105 60 9% 22% (75%) 27% $678 1% 5%
3 o o White 0 o o
(Orange) 96 102 3% 71% (78%) 59% $936 2.3% 12%
(YeI‘Ilow) 127 45 11% 67% Mix 67% $63% 3.7% 89
5(@Blue) | 341 31 9% 11% Black 62% | $521| 3.7% | 12%

(94%) )

Although both Orange and Blue areas are charaetkby high total crime rate, the type of

crimes is different. Blue areas are affected byhhigplent crime rates (murder, rape, robbery,



assault, and personal crime), while the majoritgrahes reported in the Orange areas are thefts
and property crimes.

Figure 1 maps the clustering results in Table 3tler city Chicago. There are 34 missing
tracts that are colored in white.

Figure 1. Clustering results mapped on city of Chic ago
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The results of the clustering analysis at the comitpdevel illustrate that about 50% of the
seventy-seven Chicago communities completely beloraycluster; it means that 100% of tracts
in that community are in a same cluster (these conitnes are fully colored in one color in the
Chicago map in Figure 1). About 20% of communitiesre more that 80% tracts in a same
cluster. About 15% of communities have more the#68nd less than 80% tracts in a same
cluster. The communities having different colore@aa (meaning that they have tracts in
different clusters) represent a mixture of typodsgilt can be hypothesizes that this is a sign of a
change in the neighborhood. For instance West T@ammunity n. 24 in Figure 1) shows signs
of gentrification as there are higher income tragedlow and orange clusters) that are more
similar to the neighboring community areas.

Median income and monthly gross rent are analypedviluate if rent is affordable in a
specific tract. A widely used statistics for affalde rent is the ratio of monthly rent price
divided by family income. If the ratio is above 308e rent is not affordable. Figure 2(a) shows
in black the tracts where the median gross rembase than 30% of the median income, and
Figure 2b shows the tracts where the ratio is al2®%. Most tracts where people are burdened
by unaffordable rents are in the Blue and in thd BReas that have low income population. This
may indicate that affordable housing is lackingaorer areas, where families have low income.

3. Conclusion and futurework

The analysis described in the paper has allowetb usderstand the typology of Chicago
communities. Further analyses will explore changesr time using census data from 1980 to



2000, and other additional datasets that are besogntly acquired. Multivariate time series
analysis and sequence data mining will be usedestigate how the typology of community
areas has changed over the years and to find isi@gmiffactors that describe most intensive
changes in neighborhoods in the last 20 years. #atbrs can be used to understand changes in
the complex demographic makeup of the city of Gicand to predict future gentrification or
abandonment of neighborhoods.

Figure 2. Affordability analysis — ratio of median gross rent over median income
(a) Black tracts have ratio > 30% (b) Black trac ts have ratio > 25%

Legend Legend
Census Tract f ‘ ﬂ/ 7 Census Tract
e N
Affordabili — 5 ¥ B | Affordabili
7 =40 4“:; L ‘ b
0.00-12.81 = < | Jooo-1281
12.82-15.78 e ”2[; \'TJ It [ 12.82-15.78
[ 15.79-18.88 . [ ] 15.79-18.68
B eso-m000 [ | | I 002500 |1
I oo han 30.01 I o< than 25,01

Acknowledgments

This study is funded by the Institute for Housintudtes at DePaul University, through a
MacArthur Foundation grant.

References

[1] Wyly, Elvin K., and Hammel, Daniel J., “Modelinthe Context and Contingency of
Gentrification”Journal of Urban Affairs, vol. 20, No. 3, 1998, pp. 303-326

[2] Daly, Martin, “Characteristics of 12 cluster§ wards in Greater LondonDepartment of
Planning and Transportation, Research report No.13, 1971

[3] Helms, Andrew C., “Understanding gentrificatican empirical analysis of the determinants
of urban housing renovatiodournal of Urban Economics, Vol. 54, 2003, pp. 474-498

[4] Ley, David and Dobson, Cory, “Are There LimitsGentrification? The Contexts of Impeded
Gentrification in VancouverJournal of Urban Sudies, vol.45, No.12, 2008 Nov., pp. 2471-
2498

[5] Kanungo, Tapas, Netanyahu, Nathan S., and Wogek Y., “An Efficient k-Means
Clustering Algorithm: Analysis and Implementatid®EE Transactions on Pattern Analysis
and Machine Intelligence, vol. 24, no. 7, July 2002, pp. 881-892

[6] Han, J and Kamber, MData Mining Concepts and Techniques, Second Edition, 2006,
Morgan Kaufman, San Francisco, CA



