TECHNICAL APPENDIX
IDENTIFYING CENTERS: CBDS AND LOCAL DENSITY PEAKS
We identified centers in two steps: 1) we identified the location of central business districts (CBDs) in 28
U.S. regions using a local spatial autocorrelation technique; and 2) we found the location of potential
employment subcenters using geographically weighted regression (GWR). Employment subcenters are
clusters of activities outside the traditional CBD large enough to influence real estate and hence the
spatial form of nearby areas (Giuliano et al., 2008). These subcenters were identified as positive residuals
of a density function in GWR.
First, to find CBDs among census block groups in each region, we used the spatial statistic local Moran’s
I. Local Moran’s I is an indicator of the extent of significant spatial clustering related to the variable of
interest (in this case, employment density) around each observation and can be used to locate hot spot
block groups in a metropolitan statistical area (MSA) in terms of the employment density. The equation to
compute local Moran’s I is:
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where 𝑥 is the employment density of a block group, 𝑤!" is a spatial weight matrix, and 𝑛 is total number
of block groups in each region (Anselin, 1995). We ran the Moran’s I analysis at the block group level for
28 regions using Longitudinal Employer-Household Dynamics (LEHD) employment data in 2015. The
mean employment density in Moran’s I is the MSA’s mean. We used ArcGIS Desktop 10.6 for the
computation of local Moran’s I.
The cluster census block group(s) with the highest Moran’s I value were considered candidates for the
CBD location. Based on the assumption that CBDs do not change much in few decades, we validated the
CBDs identified in this study against the 1982 U.S. Census shapefile of CBDs with the sample size of 247
MSAs (U.S. Census Bureau, 1982). We found that the result of local Moran’s I with the weighting matrix
of 2 km (1.24 miles) had the best matches with the 1982 Census CBDs; more than 90% of CBD
candidates identified overlap.
We then applied multistep criteria to minimize error and exclude cases that were not CBDs even though
they had the highest cluster of employment density. There are clusters of block groups containing large
organizations such as hospitals, malls, and university campuses. We excluded them from the analysis by
considering the CBD as an area with no more than 75% in any single employment sector. The CBD
locations were verified in comparison with the 1982 Census shapefile of CBDs. As a result, 35 CBDs
were identified in the 28 study regions.
Second, we used GWR to identify potential employment subcenters. The GWR approach, proposed by
Brunsdon, Fotheringham, and Charlton (1996), is one of the most common nonparametric methods used
in polycentricity studies. In GWR models, each of the regression coefficients can be a continuous
function across space. A basic model in GWR is specified as:
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where i indexes the ith spatial unit (or observation), 𝑦! is the response variable for the ith observation,
𝑢! , 𝑣! denotes the coordinates of the centroid of the ith spatial unit, k indexes the kth explanatory
variable, p is the number of explanatory variables including the intercept, 𝑥!" is the explanatory variable k
for the ith observation, 𝛽! 𝑢! , 𝑣! is the continuous function 𝛽! (𝑢, 𝑣) for the ith spatial unit, and finally,
Ɛ! is the ith error term and the error terms are independently and identically distributed as normal
distribution with mean 0 and a constant variance (Chi & Zhu, 2019).
The GWR method estimates an employment density surface using only neighboring observations for any
block group while giving more weight to the closer observations. This happens by the continuous
functions (e.g., adaptive Gaussian kernel function) that produce smoothly decreasing weight as distance
increases. Our dependent variable is the employment density of a block group; the independent variable is
the distance of the block group population centroid from the CBD:
𝑙𝑛 𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡_𝑑𝑒𝑛𝑠𝑖𝑡𝑦

!

= 𝑏!! + 𝑏!! ×𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒_𝑡𝑜_𝐶𝐵𝐷! + 𝜀! ,

where 𝑏! denotes the estimate of the location-specific parameter and varies according to the location of
each census block group.
In our GWR analysis, we used the adaptive kernel type to find optimal number of neighbors through the
minimization of the Akaike information criterion (AIC). When the observations are irregularly distributed
and clustered in the study area, the adaptive kernel function is considered more appropriate; otherwise, a
fixed kernel to find an optimal distance can be used (Charlton & Fotheringham, 2009). As a result, 30
neighbors was determined as the optimal number in the GWR analysis.
Then we used GWR to identify candidate subcenters as positive residuals of a nonparametric regression
of the natural logarithm of employment density on distance from the CBD. The major advantage of GWR
over a local spatial autocorrelation approach is that GWR takes into account the distance from the CBD in
addition to the employment density. So, GWR qualifies local peaks that are far from the CBD even if they
are not as dense as areas closer to the CBD.
The clusters of one or more block groups with the highest positive residuals—2.5 times greater than
predicted values—were considered as our subcenter candidates. The value of 2.5 was determined by
comparing the center candidates in the Salt Lake City (UT) region with centers identified in a polycentric
plan, the Wasatch Choice for 2050 (WC2050) plan. Using a similar procedure as for the CBD analysis,
we excluded cases containing large employment firms such as hospitals, shopping malls, and universities
with more than 75% of the block group employment. We also excluded potential candidates if the ratio of
employment to population was less than 1—fewer jobs than residents—or greater than 15, thereby
requiring centers to have a mix of uses. If several block groups meeting the above criteria were adjacent
to each other, they were merged into one center.
Using the GWR methods, we identified a total of 589 centers in the 28 U.S. regions (Table 1). The final
centers include both CBDs and local density peaks. When a local density peak is within a CBD boundary,
we consider it as a part of CBD to avoid double counting. The number of centers in each region varies
from 1 (Salem, OR) to 76 (Dallas, TX), with an average of 21 per region. Out of 79,670 households
included in the travel surveys, 1,506 households live within centers and 78,164 households live outside
centers. Then, we extracted trip ends—either trip origin or destination points—within centers; 163,487

trip ends were found (an average 278 per center). Note that the trip ends included in this study are not
necessarily made by households living in centers.
Figure A-1 shows centers identified in the regional plan, WC2050, in Salt Lake County (left), and those
identified in this study (right). A metropolitan center and 8 (out of 9) urban centers from the WC2050
plan overlap with our centers, which supports the validity of our approach.

Figure A-1. Comparison of centers identified in the regional plan, WC2050, and those in this study.
Source: https://wfrc.org/vision-plans/wasatch-choice-2050/ (left).

FINDING DESIRABLE VALUES OF D VARIABLES: GENERALIZED ADDITIVE MODELS
(GAMS)
Table A-1 describes the definitions and measurements of D variables.

Table A-1. The D variables (revised from Ewing et al., 2015).
D Variable
Density

Diversity

Design

Destination
accessibility

Distance to
transit

Description
A variable of interest per unit of
area. Population and
employment are sometimes
summed to compute an overall
activity density.
Diversity measures pertain to
the number of different land
uses in a given area and the
degree to which they are
balanced. Entropy measures of
diversity, wherein low values
indicate single-use
environments and higher values
more varied land uses, are
widely used in travel studies.
Jobs-to-housing or jobs-topopulation ratios are also used.
Design measures include
average block size, proportion
of 4-way intersections, and
number of intersections per
square mile. Design is also
occasionally measured as
sidewalk coverage, average
building setbacks, or numbers
of pedestrian facilities (e.g.,
crossings, street trees)
Ease of access to trip
attractions. Regional
accessibility may be a distance
to CBD or the number of jobs or
other attractions reachable
within a given travel time,
which tends to be highest at
central locations and lowest at
peripheral ones.
Usually measured as the
shortest street routes to the
nearest rail station or bus stop.
Alternatively, it may be
measured as transit route
density, distance between transit
stops, or the number of stations
per unit area.

Measurement in this study
Activity density = sum of
population and employment per
square mile
1. Job-population balance = 1 −
[ABS(employment − 0.2 *
population)/(employment + 0.2 *
population)], where ABS is
absolute value of expression in
parentheses (Ewing et al., 2015).
2. Entropy index= − [residential
share * ln(residential share) +
commercial share *
ln(commercial share) + public
share * ln(public share)]/ln(3),
where ln is the natural logarithm.
1. Intersection density = no.
intersections/sq. mi.
2. % of 4-way intersections = no.
4-way intersections/total no.
intersections

Data source
• Sociodemographic data
for traffic analysis zones
(TAZs) from
metropolitan planning
organizations (MPOs)
• Sociodemographic data
for traffic analysis zones
(TAZs) from MPOs
• Parcel-level land use
map from county tax
assessors

• TomTom® street
centerline data

1. % of regional employment
within 10 min by car = % of jobs
that can be reached within 10 min
by automobile
2. % of regional employment
within 30 min by transit = % of
jobs that can be reached within 30
min by transit

• Sociodemographic data
for TAZs from MPOs
• Travel time skims
matrix from MPOs

Transit density = no. stops per sq.
mi.

• General Transit Feed
Specification (GTFS)
from https://gtfs.org/

The objective of this study is to find desirable values of each D variable to minimize vehicle miles
traveled and maximize walking and transit use associated with polycentric development. In most cases, a
built environment variable is not linearly related to travel behavior. For example, the influence of
doubling a residential density from 20 to 40 persons per acre on walk mode share may be different
from—probably bigger than—the influence of the same rate of change from 200 to 400 persons per acre.

The latter may have rather negative impacts on walking if it leads to overcrowding and degraded
walkability.
Descriptive statistics in Table 3 indicate some extreme values of D variables. For example, activity
density ranges from 2.26 to 92,435 with an average of 11,084; transit stop density varies between 0 and
361.54, with an average of 31.85. The existence of extreme values can affect the results of our
correlational analyses by lowering the predictive power of a model. Also, these outliers may be less
relevant to the practical application of our models. After examining descriptive statistics and histograms,
we found that five D variables—activity density, intersection density, transit stop density, % job access
within 10 min by car, and % job access within 30 min by transit—may have the outlier issue on high
values. Thus, we replaced outliers—identified as values above a certain percentile —with that percentile’s
values, a process called winsorization (Ghosh & Vogt, 2012; Yang, Xie, & Goh, 2011). We compared
models with different percentile values from 0.95 to 0.99 and found that 0.99 percentile produces the
lowest AIC value in both of the mode choice model (AIC = -132,613) and the VMT model (AIC =
370,911). As a result, for example, the maximum value of activity density is dropped from 92,435 to
49,585, the 99th quantile of the original variable.
We use generalized additive models (GAM) to reveal a nonlinear relationship between each D variable
and travel outcome. The GAM is a generalized linear model in which the linear predictor depends on
local smooth functions of some predictor variables (Hastie & Tibshirani, 1990). For example, a regression
might be estimated between the two variables for some restricted range of values for each variable; the
process is repeated across the range of each variable while controlling for other explanatory variables.
The series of local estimates are then aggregated by drawing a line to summarize the relationship between
the two variables (Hothorn & Everitt, 2014).
We ran two GAM models for mode choice and VMT. Mode choice is a categorical variable with three
options—walking, transit, and automobile modes—and thus is modeled through multinomial logistic
models (reference category: automobile). VMT, a continuous variable, was log-transformed to deal with
the right-skewed distribution and modeled through a Gaussian GAM model. We tested three models for
VMT—a Gaussian with an original VMT variable, a Gaussian with a log-transformed VMT, and a
gamma model—and found that the Gaussian model with a log-transformed VMT has significantly lower
AIC and deviance values, thus providing the best model fit. To control for variations among 28 regions,
we estimated fixed-effects GAM models with regional dummy variables. A total of 27 dummy variables
(with one region—Kansas City, MO—as a reference group) was added, but individual region effects are
not reported in the result tables.
GAM models in this study can be written as:
1) Mode choice model (multinomial; reference category = automobile trip)
ln
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) = 𝑏! + 𝑠 𝐷_𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 + 𝑇𝑅𝐼𝑃 + 𝑃𝐸𝑅𝑆𝑂𝑁 + 𝑅𝐸𝐺𝐼𝑂𝑁 + 𝜀
𝑃(𝑀𝑜𝑑𝑒 = 𝐴𝑢𝑡𝑜)

= 𝑏! + 𝑠 𝐷_𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 + 𝑇𝑅𝐼𝑃 + 𝑃𝐸𝑅𝑆𝑂𝑁 + 𝑅𝐸𝐺𝐼𝑂𝑁 + 𝜀

2) VMT model (log-linear)
ln 𝑉𝑀𝑇 = 𝑏! + 𝑠 𝐷_𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 + 𝑇𝑅𝐼𝑃 + 𝑃𝐸𝑅𝑆𝑂𝑁 + 𝑅𝐸𝐺𝐼𝑂𝑁 + 𝜀,
where 𝑏! is an intercept, 𝑠 is a smooth function, D_variable includes eight built environment variables,
TRIP is a trip-purpose dummy variable, PERSON includes four personal variables—senior, child, driver
license, and worker—and REGION is a region dummy variable (see Table 2 and Table 3).
For smooth functions, different types of functions can be used such as local linear regression (loess) or
splines. Generally, splines have better mathematical properties and are most often used in GAM fitting
(Wood, 2017). Different smooth terms are compared and chosen based on AIC values, a measure of
model fit. Unlike traditional “linear” regression such as GLM (generalized linear model), an analyst
cannot interpret coefficients or express the estimated curve by a formula. Instead, a GAM model enables
us to visualize the fit by plotting, and thus is appropriate for exploratory analyses about the functional
nature of response. The gam function (mgcv package) in R 3.6.0 was used to generate the GAM models.
This enabled us to see whether the physical environment variables were nonlinearly related to travel
outcomes such as mode share or vehicle use and where the tipping points maximizing sustainable travel
behaviors were.

ANALYZING NONLINEAR RELATIONSHIPS BETWEEN TRAVEL OUTCOMES AND
BUILT ENVIRONMENT VARIABLES IN CENTERS
Using GAM can help to relax the assumption of linearity between independent variables and a dependent
variable. Table A-2 shows two GAM models. All trip and traveler attributes but for employment status in
the transit mode model are associated with the outcome variables at a statistical significance level (p
<.001). If a person is a senior or a child, (s)he is more likely to use automobile—either driving or riding—
but maybe in a shorter distance (i.e., lower VMT). The likelihood of walking and transit use also
decreases with driver license and if the trip is home-based. On the other hand, home-based trips are
related to longer driving distance.
The “edf” in the model is the estimated degrees of freedom: essentially, the larger the number, the more
wiggly the fitted model (i.e., a more complex spline). Values of around 1 tend to be close to a linear form.
P value of the smoothed variables—in this case, D variables—indicates a test of the null hypothesis of a
linear relationship instead of a nonlinear relationship. Thus, the models show that all D variables have
some degree of nonlinear relationship to travel outcomes. Two models explain 55.5% and 15.3% of the
deviance in the data, respectively.
To see how each D variable is related to travel outcomes, we also ran generalized linear model (results
not shown). In general, the likelihoods of walking and transit use increase with all D variables at .05
significance level, which aligns with the travel behavior literature. Two exceptions are job–population
balance and entropy index, which are negatively associated with transit use over automobile use. VMT is
positively associated with activity density, transit stop density, and regional job accessibility, and
negatively associated with job–population balance, entropy, and intersection density at .05 significance
level. But when it comes to finding built environment thresholds and developing planning guidelines for
centers, the findings from these linear models have limited applicability, and that is why we focus on
nonlinear GAM models in this study.

Table A-2. Two GAM models of mode choice and VMT.

Multinomial model

(Intercept)
Senior
Child
Driver license
Home-based work
trip
Home-based other
trip
Worker
s(activity density)
s(job-pop balance)
s(entropy)
s(intersection
density)
s(% 4-way
intersections)
s(transit stop
density)
s(% jobs within 10
min by car)
s(% jobs within 30
min by transit)

Walk mode choice
(reference: automobile)
Coef.
zP
value
0.30
11.58 <.001
-0.37 -11.63 <.001
-1.78 -44.62 <.001
-9.59 -33.16 <.001
-1.14 -25.92 <.001

Linear model

Transit mode choice
(reference: automobile)
Coef. zP
value
-1.38
-4.19
<.001
-0.54 -12.85
<.001
-1.94 -34.05
<.001
-5.86 -78.51
<.001
-0.23
-5.09
<.001

VMT (log-transformed)
Coef.

t-value

P

0.96
-0.14
-0.06
-0.04
0.96

34.47
-13.85
-3.97
-4.39
101.14

<.001
<.001
<.001
<.001
<.001

<.001

0.39

51.49

<.001

0.68

0.07
edf

<.001
<.001
<.001
<.001

8.82
8.30
7.39
8.81

22.37
29.37
3.70
37.39

<.001
<.001
<.001
<.001

-0.84

-34.01

<.001

-1.59

-44.11

0.58
edf

<.001
P

-0.01
edf

8.57
8.72
7.18
7.95

21.58
X2value
506.88
202.34
70.21
449.06

<.001
<.001
<.001
<.001

8.39
7.12
7.73
7.73

-0.41
X2value
121.24
64.72
100.38
64.80

8.01

214.81

<.001

6.72

13.98

.134

4.79

19.73

<.001

7.95

236.29

<.001

8.36

144.59

<.001

8.84

23.36

<.001

8.77

249.71

<.001

6.70

44.31

<.001

6.85

3.96

<.001

8.70

187.96

<.001

6.09

47.74

<.001

8.87

16.66

<.001

N = 163,461
Deviance explained = 55.5%
REML = -66,083

Note: Fixed effects of 27 region-dummy variables are not reported.

P

7.80
<.001
F-value P

N= 118,988
Deviance explained = 15.3%
GCV = 1.322

Figures A-2 to A-4 show GAM plots with 95% confidence intervals.

Figure A-2. GAM plots between D variables and likelihood of walk mode choice. Red circles indicate
potential points to promote walking; Y-axis shows log odds of walk mode choice over driving, centered
around 0.

Figure A-3. GAM plots between D variables and likelihood of transit mode choice. Red circles
indicate potential points to promote transit use; Y-axis shows log odds of transit mode choice over
driving, centered around 0.

Figure A-4. GAM plots between D variables and VMT. Red circles indicate potential points to
encourage shorter driving; Y-axis shows predicted log-transformed VMT, centered around 0.
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