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Neighborhood Change Research

e Variable diagram
o Specific variables: racial composition, median household income
o Composite indexes: urban deprivation index, opportunity index, socioeconomic status
o Neighborhood change: value increments
m Continuous

e Contextual mode of analysis
o Neighborhoods as ensembles of variables
o Clustering - discrete neighborhood classifications/types
o Geodemographic typology
o Neighborhood change: change of types
m Discrete
o Statistically suitable for small area estimates potentially suffering from large margins of errors
(e.g. American Community Survey (ACS) census tracts) (Spielman and Singleton, 2015)



Multidimensional neighborhood change

A white-flight/filtering process

Densification of neighborhoods: single-family house to multi-family dwellings
White single-family neighborhood obtain higher socioeconomic status
Gentrification

Establishment of a multiethnic/global neighborhood

Stability: highest poverty, majority black, wealthiest and whitest
neighborhoods

(Delmelle, 2017 )



Workflow of Multidimensional Neighborhood Change Analysis

Neighborhood sequence

Geodemographic Analysis Sequence Analysis
grap y q y typology
Use clustering algorithm to To evaluate similarity or Input the distance matrix of
find similar neighborhoods. distance between every pair neighborhood sequences into
Each cluster is summarized of neighborhood sequence. proper clustering algorithm to
as a neighborhood type. Optimal Matching (OM) obtain a neighborhood

sequence typology.
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Motivation

Sequence methods origin from DNA matching
Exploration in its application to the life course research
e Whether the available sequence methods satisfy the needs for neighborhood

change research?

o Theoretical foundation: invasion/succession, neighborhood decline, new pathways of
neighborhood change - global neighborhoods?

o Temporal dimension: contexts?

o Neighborhoods as social constructs
Neighborhoods as spatial constructs

e Current literature: Focus more on the contemporaneous differences



Neighborhood change in LA 1970-2010

Data: 1970, 1980, 1990, 2000, 2010 census/ACS

14 tract-level variables

Geolytics Neighborhood DataBase 2010 (NCDB 2010)

TABLE 1 Neighborhoods as ensembles of 14 variables.
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Description

% persons who are children under 18 years old
% persons who are 65+ years old

% white population

% black/African American population

% persons 16+ years old who are in the civilian labor force and unemployed
% persons 16+ years old employed in manufacturing, transportation,
and public administration

% total persons below the poverty level last year
% persons 25+ years old with at least a 4-year degree
% total housing units built MORE than 30 years ago

% total multiunit structures
% occupied housing units where household heads moved in
less than 10 years ago

Mean value of specified owner-occupied housing units
% total owner-occupied housing units

% total vacant year-round housing units



Neighborhood Typology (10)
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Composition

Mixed race, renters, recent in-movers, median house value

Black, high poverty, high unemployment, older homes

Mixed race, low poverty, low unemployment, owners

Less educated, blue collar

Educated, high vacancy, newer homes

White, educated, wealthy, owners

Old residents, educated, renters

Black, medium poverty/unemployment, older homes, some owners
Owners, newer homes

Mizxed race, high poverty, high unemployment, renters
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Process of sequence

e Common ancestors
o DNA sequences: difference due to mutation
o OM: works by reverse the mutation

e Unfolding process (Biemann, 2011)

o Social sciences: life/career course
o Contextual factors
o Recoding sequences as sequences of transitions



Recoding sequences

AAAAA

AAAAB * B,B,B,BB /\

AA, AA, AA, AB—— BB BB, BB, BB




Second order property of the sequence (16)

e Stability
o Stay: AA, BB
o Change: AB, BA
e Neighborhood sequence clusters/typology

o How many stays/changes?
o When/where are the stays/changes?
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n=

Stable until last period

e Most frequent neighborhood
trajectory type!
e Spatially compact

- Newer Suburb
—

Ascending African American

- Aging Community

White Elite
New Starts
Blue collar

- Mixed Race Owners
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257(10%)

n=

Stability

Not as frequent as the last trajectory
type - not that stable after all?

e “New Starts” missing
e Spatially compact

Struggling Renters

Newer Suburb

Ascending African American
Aging Community

White Elite

Blue collar

Mixed Race Owners
Struggling African American
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Two changes

Spatially dispersed
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“Stability” defined
with empirical
transition rates
(21)

Substitution cost

s(a = b,c - d) =|p(a - b) — p(c > d)|

1 transition rate

1 stability (easier to occur
in the system)

Middle-class renters

Struggling African American

Mixed Race Owners

0.001 0.094 0.076 0.013 0.037 0.062 0.004 0.039 0.11

0.007M 0.02 0.099 0 0.0350.0220.068 0.0020.092
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Blue collar 0.0620.016 0.1 0.002 0.022 0.01 0.0130.0320.061
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Stable until last period - more details

3 instead of 1 sequence clusters
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First + Second Order (39)

e First order:
o How different are two neighborhood types
o Neighborhood category as a social construct:
m Euclidean distance between two respective cluster centers

e Difference between states + Difference between transitions

s(a > b,c - d) = ws(a,c) + (1 — w)|p(a - b) — p(c — d)|

s(a > b,c - d) = ws(b,d) + (1 — w)|p(a - b) — p(c — d)|
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Findings

e The most frequent pathway: change between 2000-2010
o In contrast to the past findings
o Possible reasons:
m Finer neighborhood typology (10 VS 5/9)
m Choice of neighborhood variables

e Proposed approach
o Picks up temporal changes, stability structure
o More details revealed by incorporating first-order + second-order differences



Future directions

Controlled simulation experiments
o duration, sequencing, stability, timing

Try on different values of weight

Work with metro areas other than LA
More thorough interpretation

Spatially constrained clustering algorithm
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Thank you!

Questions?
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Approaches to Studying Neighborhood Change
e A dynamic perspective

o Focus on focal events/transitions l l
m Markov models

m Event History Analysis
o Data model

e A holistic perspective
o Neighborhood trajectories/sequences as meaningful units

1 1 1 1
m Sequence Analysis (SA)
m  Optimal matching
o Data mining or algorithmic model l l l l l

1 1 1 1 1



