The
Road to
Vision
Zero

¢
& 4 KILLEDHE

Traffic Crashes !# O smWS s

= > i ¥ : \@é

i . PREVENTABLE Sl
and Poverty in = = sy g ¥
New York Clty . ANDRESPECT EACH OTHER b »J: ]‘ﬁ v A 'I

o ' » »
- STREETMEMORIALS.ORG "'3" | ‘ \ -]
; ' ‘N g

TRANSPORTATION

ALTERNATIVES




TABLE OF CONTENTS

EXECUTIVE

SUMMARY

The Road to Vision Zero
Traffic Crashes and Poverty in New York City

Executive Summary ... 3
Key Findings and Citywide Trends ................ 5
Traffic Crashes and Poverty in the Bronx .......... 9

Traffic Crashes and Poverty in Brooklyn .......... 11

Traffic Crashes and Poverty in Manhattan  ..... 13
Traffic Crashes and Poverty in Queens .......... 15
Traffic Crashes and Poverty on Staten Island ..... 17
Directions for Future Research ..................... 17

Methodology

Prepared By

TRANSPORTATION
ALTERNATIVES

SUMMER % MAPS

etween January 1, 2013 and
B December 31, 2015, there

were over 44,000 traffic crash-
es in New York City involving mo-
torists, cyclists, and pedestrians.
Poor urban design, a dense built
environment, and a lack of diver-
sity in transportation infrastruc-
ture continue to make traversing the
city dangerous and difficult for resi-
dents. However, not all New Yorkers
are affected in the same way. Those
living in poorer parts of the city are
often more susceptible to the nega-
tive effects of poor urban planning
and city disinvestment. Within this
three year time span, 54% of crash-
es occurred in city council districts
where the poverty rate is above
15%*. 56% of crashes occurred in
city council districts where the me-
dian income is less than $51,000*.
61% of crashes occurred in city
council districts where the popula-
tion density is greater than 38,000
people per square mile*. These
findings suggest a relationship be-
tween poverty and traffic violence in
New York City.

In 2014, after significant organizing
efforts from community organiza-
tions, local businesses, and individu-
als affected by traffic violence, May-
or Bill de Blasio released the City’s
Vision Zero Action Plan', an initia-
tive to end injurious and fatal traf-
fic crashes on New York City streets.
The initiative outlined a 63-step
programmatic approach to achiev-
ing Vision Zero, including ramping

up traffic monitoring initiatives,
redesigning arterial streets, re-
ducing speed limits, and increasing
penalties for aggressive driving.
However, the Action Plan made no
specific mention of examining cor-
relations between traffic crashes and
measures of poverty. This report,
prepared through a collaboration
between Transportation Alternatives
and Azavea’'s Summer of Maps fel-
lowship, seeks to address this gap
in the literature through geospatial
and statistical analyses of New York
City crash data.

The report is divided into four sec-
tions — 1) key findings and citywide
trends, 2) a discussion of trends with-
in each of New York City's boroughs,
2) directions for future research, and
4) methodology. Within each section
are accompanying maps, tables, and
graphics designed to help users vi-
sualize and understand the data. We
believe that data-driven approaches
to exploring traffic crashes can help
to uncover areas of the city that
demonstrate strong relationships
between poverty, poor transporta-
tion planning, and traffic violence.

At the heart of the Vision Zero de-
sign initiative is the belief that no
loss of life is acceptable on our
streets. With appropriate transpor-
tation engineering, collaborative ur-
ban planning, and active research,
traffic crashes can be prevented in
New York City's poorest communi-
ties.

* Each of these values represents the city median value.
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Between January 1%, 2013 and December 31, 2015, there —
were over 44,000 traffic crashes in New York City. KEY FINDINGS AND ClTYWlDE TRENDS

Here’s where they happened.

* Note: Statistical analysis of citywide trends was
performed using data aggregated by Census
tracts. Tracts in Manhattan were excluded from
Queens the citywide analysis due to the large number
: of outliers among this dataset; they are treated

Num. Crash. : 10,060 . .
. separately in the Manhattan section. For more

Crdshes per Sg. Mi. :92.1 . R

il : information, please read the Methodology sec-

o Pop. Density :20,808
% %Med. Income ($) :57,210 tion.
2 Poverty Rate (%) :15.2

Unemploy. Rate (%) :9.5 he results of our analysis show that
% Pop. " 2SS | there are statistically significant

correlations (p < 0.05) between

specific measures of poverty and the
density of traffic crashes in New York
City. Among the socioeconomic and
demographic variables surveyed, pop-
ulation density displayed the strongest 100000 150000 200,000
significant correlation (0.530) with crash --
density, followed closely by family pov-
erty rate (0.390), the number of peo- Population Density

P|e in poverty (0.364), median income Figure 1 - Relating Population Density and Crash Density. Tracts with higher population densi-
(_0363), and individual poverty rate ties are strongly associated with higher crash densities. They also tend to be poorer; for example, population

density and family poverty rate have a statistically significant correlation of 0.485.
(0.288). The unemployment rate and
the percent of the population living in

Numer of Crashes 6,332
Crashes per Sqg. Mi. 148.7
Population Density : 33,202
Median Income ($) : 34,284
Poverty Rate (%) :30.5
Unemployment Rate (%) : 15

% Pop. in Public Housing : 7.4

Manhattan

.............................

Number of Crashes i 11,384 ™.
Crashes per Sq. Mi. : 498.6
Population Density : 70,888
Median Income ($) : 71,656
Poverty Rate (%) : 17.7
Unemployment Rate (%) 28.2

Crashes per Square Mile
aDeGEs®m 86 »

% Pop. in Public Housing : 7.5

Staten Island

Number of Crashes 1,337
Crashes per Sqg. Mi. 222.95
Population Density 28,095
Median Income ($) 274,043
Poverty Rate (%) 12.3
Unemployment Rate (%) 57.6

public housing also display significant
correlations with crash density, but these
were weak in comparison (0.145 and
0.061, respectively).

% Pop. in Public Housing : 2.1

)
M

M

The sign of each correlation — positive or
negative — provides information on the
nature of the relationship between each
independent variable and the crash
density. Population density, family pov-
erty rate, number of people in poverty,
individual poverty rate, unemployment
rate, and percent of the population liv-
ing in public housing are all positively

Atlantic Ocean

Crashes per Square Mile

Number of Crashes 15,096
Crashes per Sq. Mi. : 217.2

Population Density : 36,991 S i i
Median Income (§) : 46,958 © S L L O S 5 correlated with crash density, suggest-
H Q Q’ Q Q Q Q Q Q Q . . . .
Poverty Rate (%) :23.4 AR T U O M SR - ing that an increase in these factors is
mermpleymen: fEe () 182 associated with an increase in the crash ——
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density. Alternatively, median income is Family Poverty Rate (%)

negatlvely Correlated Wlth CraSh den5|— Figure 2. Relating Family Poverty Rate and Crash Density. Tracts with higher family poverty

ty, Sugges‘ti ng th atan increase in media n rates are strongly associated with higher crash densities. Higher family poverty rates are also strongly correlat-
. . . d . h d . ed with higher unemployment rates (0.782), lower median incomes (-0.884), and a greater percentage of the
) ) Income Is assoclated with a decrease In population living in public housing (0.578).
Data Sources - Transportation Alternatives, New York State Department of

Motor Vehicles, NYC Open Data, American Community Survey, Esri, Delorme Crash denslty.

Crash Density (Crashes per Sq. Mi.)

Projection - NAD 1983 State Plane New York Long Island FIPS 3104 Feet

Analysis and Cartography by Parker Ziegler
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Figure 3. Relating Median Income and Crash Density. Increases in median income are strongly
associated with decreases in crash density in every borough except Manhattan. Higher median incomes are
also associated with lower poverty rates (-0.543), lower unemployment rates (-0.760), and fewer people living
in public housing (-0.447).
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Figure 4. Relating Poverty Rate and Crash Density. Increases in individual poverty rate are
strongly associated with increases in crash density across New York City. Higher poverty rates are also
associated with higher population densities (0.443), lower median incomes (-0.543), and more people living in
public housing (0.39).

Census tracts with higher population
densities, higher individual and family poverty
rates, and lower median incomes tend to have
higher crash densities.

Spatial variables were also included in the
analysis to uncover potential geograph-
ic clustering of crashes. Mean distance to
Central Park was used as an approximation
for distance to the city center, and displayed
a statistically significant negative correlation
with crash density (-0.361). This suggests
that the parts of each borough that are
closer to the city center are associated with
higher crash densities.

In addition to examining relationships be-
tween crash density and the observed vari-
ables, we also felt it was important to look
atrelationships between the variables them-
selves. This process can help in variable se-
lection for regression analysis (see Method-
ology). For example, we observed a strong,
statistically significant, negative correlation
between median income and the percent
of people who use public transportation
to commute to work (-0.425) and a strong,
statistically significant, positive correlation
between family poverty rate and the per-
cent of people who use public transporta-
tion to commute to work or walk to work
(0.395 and 0.369, respectively). This sug-
gests that poorer people tend to rely more
on alternatives to driving in their daily com-
mute, which can make them more vulnera-
ble to traffic violence. Unfortunately, Census
data on transportation does not include any
additional information on transportation
experiences other than commuting. In this
sense, the data is biased against poorer
people who suffer from higher unemploy-
ment — their experiences of moving about
the city are not captured by these statistics.

Ultimately, these findings suggest that poor-
er areas of New York City dispropotionately
suffer from a higher density of traffic crash-
es. Figure 5 provides a list of the top five
socioeconomic correlates with crash density
found in this analysis. Figure 6 visualizes all
statistically significant correlations between
every combination of variables surveyed,
with the relative strength and sign of each
correlation represented by the size and hue

of circles, respectively.

Figure 5. The top five socioeconomic
correlates with crash density.

P lation Densit . -
opuiation Bensty 0590 2.22x107 Correlations range from O — 1, with O representing
. no relationship and 1 representing perfect cor-
Family Poverty Rate (%) 0.390 2.22x10 relation. These five variables all display significant
correlations with crash density; however, the
Median Income ($) -0.363 2.22x 101 strength of correlation between population density
and crash density, for example, is much stronger
Poverty Rate (%) 0.288 209 x 1016 than _that between unemployment rate and crash
density. To learn more about how these values were
Unemployment Rate (%) 0.145 092 %10 calculated, see Methodology.
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density of crashes iamong the five boroughs.

Brooklyn
15,096 Crashes

Manhattan
11,384 Crashes
26.8% of All Crashes

Queens

34.5% of All Crashes

10,060 Crashes
22.4% of All Crashes

Staten Island
1,337 Crashes
3.0% of All Crashes

The Bronx
6,332 Crashes
13.3% of All Crashes




Identifying Crash Hot Spots in the Bronx

City council districts 14, 15, 16, and 17 have the highest
poverty rates, highest unemployment rates, and lowest
median incomes in the city. They also have the highest
density of crashes in the Bronx.

District

Red Crashes per Sqg. Mi.

Sodnd

A high density.&f crashes fies on the border
between the Bronx's 17th District and
Manhattan'’s 8th District. These two districts,
have the second and fiftl highest poverty rat
in the city and the fowest and third lowest ",
median incomes in-the city, respectively.

, o %
NP o) SR o o R S

Crash Density (Crashes per Sq. Mi.)

Population Density 86,619 - 76,245 33,693
Poverty Rate (%) &5 40 39,

Unemployment
Rate (%)

Median Income ($) 29,535 23,674 22,640

% Pop. Living in
Public Housing

16.8 ; 15.8 16.5

SIC ’ 1% 10.1

Q Q’ Q'
Q \9) Q N

Data Sources - Transportation Alternatives, New York State Department of
Motor Vehicles, NYC Open Data, American Community Survey, Esri, Delorme

Projection - NAD 1983 State Plane New York Long Island FIPS 3104 Feet

Analysis and Cartography by Parker Ziegler

TRAFFIC CRASHES AND PoVERTY IN THE BRONX

1 3 3 O/ of all crashes that took

° (o place in New York City
between 2013 and 2015 happened in the
Bronx. The borough has both the third highest
crash density (148.7 crashes per square mile)
and third highest per capita crash rate (0.448
crashes per person) in the city, ranking just be-
hind Manhattan and Brooklyn. The Bronx is also
the most impoverished of the city’s boroughs,
with the highest poverty rate (30.5%), family
poverty rate (28%), and unemployment rate
(15%) in the city. It also has the city's lowest me-
dian income at $34,284.

Spatially, crashes in the Bronx are clustered in
the poorer city council districts closer to Man-
hattan. Districts 14, 15, 16, and 17 have the
four highest crash densities in the borough at
380.5, 270.2, 310.8, and 220.7 crashes per
square mile, respectively. They are also home to
the four highest poverty rates, the four highest
family poverty rates, the four highest unemploy-
ment rates, and the four lowest median incomes
in the entire city. In contrast, the Bronx's other
city council districts (11, 12, 13, and 18) have
markedly lower crash densities. The average
crash density among these districts is 106.35
crashes per square mile, 177% less than the
average of 295.55 in districts 14, 15, 16, and 17.
Similarly the average median income among
districts 11, 12, 13, and 18 ($47,996) is 90.6%
greater than that among districts 14, 15, 16, and
17 ($25,175). These relationships suggest that
poorer communities in the Bronx are dispropor-
tionately affected by traffic violence.

Looking at the strength of correlation between
different socioeconomic variables and crash
density in the Bronx, we find that many of the
relationships present at the city level are even

more pronounced within the borough. There

are strong, statistically significant relationships
between crash density and population density
(0.538), family poverty rate (0.525), median
income (-0.515), individual poverty rate (0.292),
and unemployment rate (0.272), all of which
suggest a clear correlation between poorer com-
munities and traffic violence in the borough. In
fact, these statistical and spatial relationships are
stronger here than in any other borough in the
city, making the Bronx a particularly important
borough for outreach.

11 - 76.3

12 123.5

13 - 55.8

14 380.5

15 270.2

City Council District

16 310.8

17 220.7

18 169.8

0 100 200 300 400

Crashes per Square Mile

Figure 8. Distribution of Crash Density Values in the Bronx. Crash
densities are markedly higher in city council districts 14, 15, 16, and 17 when
compared to other districts in the Bronx.



Identifyin g_:??- C rash H ot S pots in Brookly n'

City council districts 34,36, 40, and 41 have four of the

five highest crash densities in Brooklyn. They alsc have four

of the eight highest powerty rates, and four of theine

lowest median incomes: Sy District

" Crashes per Sg. Mi.
s "- Population Density 43,616 50,097 63,801

‘i1 Poverty Rate (%)  25.4 27.7 21.4

Unemployment
Rate (%)

. Median Income ($) 44,947 36,667 44,138

% Pop. Living in
Public Housing

10.9 14.5 12.5

Crash density igthigh in
downtown Brooklyn as large
numbers of commuters flow

into the city cente.or cro
into lower Manhat

7.4 15.1 0.1

Crashes on 5th Ave. and
|-278 are concentrated in
the middle of District 38.
The district has the second
highest poverty rate and
fourth lowest median
income in Brooklyn.

.

Data Sources - Transportation Alternatives, New York State Department of
Motor Vehicles, NYC Open Data, American Community Survey, Esri, Delorme
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Crash Density (Crashes per Sq. Mi.)

Projection - NAD 1983 State Plane New York Long Island FIPS 3104 Feet

Analysis and Cartography by Parker Ziegler

TRAFFIC CRASHES AND POVERTY IN BROOKLYN

3 4 5 O/ of all crashes that took

° (o place in New York City
between 2013 and 2015 happened in Brooklyn.
The borough was home to the greatest num-
ber of crashes in this time period - 15,096 in
total. At 217.2 crashes per square mile, its crash
density is the second highest in the city behind
Manhattan. Its per capita crash rate is also sec-
ond at 0.587 crashes per person. Economically,
Brooklyn is an extremely diverse borough with
median incomes ranging from the mid-$30,000s
in Bedford Stuyvesant, Brownsville, and East
New York to the low-$90,000s in downtown
Brooklyn and Park Slope. Rapid, aggressive
gentrification in Brooklyn has further increased
wealth disparity and raised both the population
density and the commuter density in the bor-
ough.

Spatially, crashes in Brooklyn are concentrated
in a few major areas. Districts 34, 36, 40, and
41, corresponding roughly to Bushwick, Bedford
Stuyvesant, Brownsville, and Flatbush, have four
of the five highest crash densities in the borough
at 318 .7, 446.6, 438.4, and 400.6 crashes per
square mile, respectively. They also display four
of the six highest population densities, four of
the eight highest poverty rates, and four of the
nine lowest median incomes in the borough.
This area of Brooklyn is also densely populated,
with each of these districts having over 43,000
people in each square mile. As they continue to
change in the midst of gentrification and rede-
velopment, additions of even more commuters
further crowds streets in these districts.

Downtown Brooklyn also represents a major
hotspot of crash activity, with a crash density

of 293 crashes per square mile in district 33.
Crashes here are likely due to the large daytime
swell in commuters entering lower Manhattan.
In fact, Brooklyn has the second largest daytime
population decline of any county in the Unit-

ed States, only trailing its northern neighbor,
Queens.? With over 500,000 people leaving the
borough each day to reach Manhattan, many of
them passing through downtown Brooklyn, the
probability of crashes in this area is higher than
other parts of the borough. Finally, district 38
represents an interesting case for Brooklyn. Al-
though the population density is the third lowest
in the borough, there is a noticeable hotspot in
the center of the district corresponding to the
Sunset Park neighborhood. The poverty rate
here, at 30.3%, is the second highest in Brook-
lyn, while the median income of $39,122 is the
fourth lowest in the borough.

Looking at the strength of correlation between
different socioeconomic variables and crash
density in Brooklyn, we find that they do not
differ considerably from that observed in the city
as a whole. There remain statistically significant
correlations between crash density and popula-
tion density (0.361), mean distance to Central
Park (-0.340), individual poverty rate (0,242),
family poverty rate (0.215), median income
(-0.173), and unemployment rate (0.100); how-
ever they are weaker in some cases than the city
level correlations and considerably weaker than
those observed in the Bronx.




Identifying Crash Hot Spots in Manhattaﬂhh
TRAFFIC CRASHES AND POVERTY IN MANHATTAN

Manhattan’s extreme urban density make it a unique case
for studying traffic crashes. Lower and midtown Manhattan _
have the highest crash densities in the city due to massive /£ A~
daytime population inflation. Poorer city council districts, r Ne |
including 7, 8, 9, and 10, display high crash densities M
without the same influx of commuters. Poverty rates in

of all crashes that took

ment rests at just 5.4%. They also experience ex-

these districts are three to four times higher than those in
lower and midtown Manhattan. Similarly, median incomes

range from a third to a quarter of those in wealthier

districts lower and midtown Manhattan.
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‘:.':: Crashes per Sg. Mi.
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Data Sources - Transportation Alternatives, New York State Department of
Motor Vehicles, NYC Open Data, American Community Survey, Esri, Delorme

Projection - NAD 1983 State Plane New York Long Island FIPS 3104 Feet

Analysis and Cartography by Parker Ziegler

2 6 ° 8% place in New York City

between 2013 and 2015 happened in Manhat-
tan. While the borough was second in the city
by number of crashes — 11,384 in total — it has
by far the highest crash density among the five
boroughs. At 498.6 crashes per square mile, its
crash density is roughly 130% greater than the
second highest, Brooklyn (217.2). Similarly, the
per capita crash rate of 0.703 is higher than any
other borough, although by a smaller margin
(19% greater than Brooklyn’s 0.587).

Within the borough and the city as a whole,
districts 1 - 5 display the highest crash densi-
ties at 599.1, 933.2, 630.7, 798.7, and 553.0
crashes per square mile, respectively. These
districts, comprising Lower and Midtown Man-
hattan as well as the Upper East Side, are some
of the wealthiest in the city; the average median
income among them is $98,256 while unemploy-

treme increases in their daytime population, with
most of Manhattan’s 1,500,000 daily commuters
heading to work in Lower and Midtown Manhat-
tan.? This near doubling of daytime population
likely contributes to the high crash densities
observed in this part of the city.

Districts 7 — 10 also display high crash densities
in comparison with the rest of the city at 324.8,
301.3, 469.4, and 255.1 crashes per square
mile. Comprising Harlem, Washington Heights,

Rate (%) o 127 IDONEe and parts of the South Bronx, these districts are
Median Income (§) 38,292 24,063 37,003 36820 | Manhattan is the most densely populated coun- ~ some of the poorest in the city. The average
;/oE?pHLivmg in M - Y 9 ty in the country.? Among its city council dis- median income in these districts is just $34,045
B T % . tricts, only District 8 has under 50,000 people with average unemployment at 11.3% and the
- _ per square mile. Most districts fall somewhere average poverty rate at 25.1%. Unlike districts 1
\ ' between 60,000 and 90,000 people per square - 5, districts 7 — 10 do not experience the same
{ mile, with the 5th district taking highest in the magnitude of daytime population increase, sug-
o city at 135,681 peopIe per square mile. Manhat- gesting that higher crash densities here may be
< - tan also displays extreme economic variability more connected to extreme population densi-
among its city council districts. The difference ties and poor transportation planning.
between the maximum and minimum median
_ Lo incomes of Manhattan districts is $102,187, be- Looking at the strength of correlation between
.. District 1 2 3 ol tween the fourth (maximum) and eighth (mini- different socioeconomic variables and crash
‘:.*""'""""""""""""""'""""""""""-,:"_-' -------- mum) d|5tr|ct5_ S|m||ar|y poverty rate5 range from denSIty |n Manhattan’ We flnd that relatlonshlps
Crashes per Sg. Mi. 599.1 933.2 630.7 798.7 553 o : . L o/ : . h d : d d
A , 6.5% in the fifth district to 33.6% in the eighth between crash density and poverty tend to
Population Density 60,782 97,213 53,949 61,711 135,682 o , o . ,
district. This level of extreme economic disparity =~ behave inversely compared to other boroughs.
Poverty Rate (%) 102 134 99 7.6 6.5 o - , . . . .
e within the borough makes theorizing relation- For example, increases in population densi-
Rate (%) e 1) RS B = ships between traffic crashes and poverty more ty, individual poverty rate, family poverty rate,
'Median Income ($) 80,580 74,412 104,948 126,250 104,822 complex. and unemployment rate are all associated with
. %Poplivingin ¢ har— 29 0 18 decreases in the crash density (-0.135, -0.147,

-0.185, -0.249, respectively), while increases in
median income are associated with increases

in the crash density (0.190). These results sug-
gest that connections between traffic crashes
and poverty in Manhattan operate according to
different mechanics in the wealthier and poorer
parts of the borough, and that crashes are being
caused by distinct factors in these areas.




Identlfylng Crash Hot Spots

City council dlstrlcts 20, 21, 25, and 26 have four of the
five highest'crash densmes in Queens. They also have four
of the five’highest poverty rates and the four lowest /|
median jncomes in the borough §

£ B’ - TN it

T
District 20 21 25 26 ._
Crashes per Sg. Mi. 176 167.4 3399 2106 i
Population Density 30,432 31,346 80,317 28,833 \
Poverty Rate (%) 17.4 22 1729 \146 \7*'
Unemployment s ;
Rate (%) 8.4 6.7 6.8 /.93

Median Income (§) 50,452 45,844 50,094 51,813

% Pop Living in o % -
Public Housing (& 2l O‘-?__‘ 4 7 .

A e /(,JQ
Data Sources - Transportation Alternatlves New York Stat@v«Départment of Q
Motor Vehicles, NYC Open Data Amerlcan Community Survey, Esri, Delorme
Projection - NAD 1983 State Plane New York Long Island FIPS 3104 Feet
|

Analysis and Cartography by PdrkerZiegler 2 mi
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ih Queens

While Districts 24 and 28 have low overall
crash densities, there is a concentration of
crashes on the border of these two city
council districts along Grand Central

o e - Parkway. Poverty rates in these two

(. i  districts are the sixth and fourth highest in
bl > the borough, respectively.

Crash Density (Crashes per Sq. Mi.)

TRAFFIC CRASHES AND PoVERTY IN QUEENS

2 2 40/ of all crashes that took place

° O in New York City between
2013 and 2015 happened in Queens. With
10,060 crashes in this time period, the borough
had the third highest number of crashes among
the five boroughs. However, being the largest
borough by area in the city, Queens had a rela-
tively low crash density — 92.1 crashes per square
mile, higher only than Staten Island. Similarly,
the per capita crash rate of 0.441 was the fourth
highest in the city. Economically, Queens is less
stratified than other New York boroughs. Median
incomes among city council districts range from
a minimum in the low $50,000s to a maximum in
the low $70,000s. Poverty rates tend to hover
below 12% while unemployment rates fall under
10% except in three districts. However, Queens
displays highly variable population density across
the borough. More suburban districts have less
than half the number of people per square mile
(13,328 on average) as the more urban districts
closer to Manhattan (29,819 on average). Dis-
trict 25 is a sharp outlier with 80,317 people per
square mile.

Spatially, crashes in Queens are clustered in the
denser districts closer to Manhattan. Districts
20, 21, 25, and 26 have four of the five highest
crash densities borough. They also have four of
the five highest population densities, four of the
five highest poverty rates, and the four lowest
median incomes in the borough, all of which
suggest a relationship between crash density
and poverty. Crashes in these denser districts are
also likely a result of the massive daytime popu-
lation decrease Queens experiences as commut-
ers head to work in Manhattan. In fact, Queens

has the highest daytime population decrease of
any county in the country, losing approximately
600,000 people every morning.2 Many of them

move through these more urban districts.

One outlier detected in the analysis is a high
concentration of crashes on the border of dis-
tricts 24 and 28, near Grand Central Parkway.
Poverty rates in these two districts are the fourth
and sixth highest in the borough, respectively.

Looking at the strength of correlation between
different socioeconomic variables and crash
density in Queens, we find that relationships be-
tween crash density and poverty tend to be even
stronger than those observed across the city as

a whole. There are strong, statistically significant
relationships between crash density and popula-
tion density (0.601), median income (-0.408),
dividual poverty rate (0.404), mean distance to
Central Park (-0.400), and family poverty rate
(0.394). These correlations all suggest a higher
incidence of traffic crashes in the poorer, more
densely populated districts of Queens.

City Council District

300

Crashes per Square Mile

Figure 9. Distribution of Crash Density Values in Queens. Crash
densities are more or less consistent in Queens with the exception of District 25. Its
crash density of 339.9 is 61% greater than the second highest, District 26.




Identifying Crash Hot Spots in Staten Island
TRAFFIC CRASHES AND POVERTY ON STATEN ISLAND
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the fewest in the city. Its crash density of 22.95
crashes per square mile and per capita crash
rate of 0.284 placed Staten Island as the lowest
in both categories among the city’s boroughs.
Staten Island is also the least populous (471,522
people) and least densely populated borough
(8,095 people per square mile) in the city. Eco-
nomically, Staten Island has the highest median
income, lowest individual poverty rate, lowest
family poverty rate, and lowest unemployment
rate in the city.

However, there is clear stratification among its
three city council districts. District 49, closest
to Manhattan, has a substantially higher poverty
rate (21.4%) than either of its neighbors (6.9%
and 7.1% for Districts 50 and 51, respectively).
It also has a lower median income ($58,684 vs.

crash density of 54.0 crashes per square mile is
166% greater than that of District 50 (20.3) and
440% greater than that of District 51 (10.0).

Looking at the strength of correlation between
different socioeconomic variables and crash
density in Staten Island, we find that relation-
ships between crash density and poverty tend
to be even stronger than those observed across
the city as a whole. There are strong, statistically
significant relationships between crash density
and mean distance to Central Park (-0.490),
median income (-0.432), family poverty rate
(0.423), individual poverty rate (0.415), and
population density (0.256). These correlations
all suggest a higher incidence of traffic crashes
in the poorer, more densely populated districts
of Staten Island.

DIRECTIONS FOR FUTURE RESEARCH

Ultimately, this study found strong evidence
for the existence of both spatial and statisti-
cal relationships between traffic crashes and
poverty in New York City. In general, areas of
the city with higher population densities, lower
median incomes, higher individual and family
poverty rates, and higher unemployment rates
had higher crash densities. This finding suggests
that poorer communities in New York City are
statistically more vulnerable to traffic violence.

However, continued analysis is essential to
uncovering the causal factors behind this trend.

What, specifically, is leading to a higher densi-
ty of traffic crashes in poorer neighborhoods?
Dilapidated roads, neglected repairs and main-
tenance of traffic signs, a lack of safe transporta-
tion options for pedestrians? Uncovering factors
in the built landscape that lead to an increased
probability of crashes is critical to counteracting
traffic violence.

Directions for future research are many and
diverse. A significant step forward would involve
collecting and analyzing more comprehensive
transportation data reflecting a diversity of




transportation experiences. The transportation
variables in this study were limited in that they
only captured commuting experiences. Another
improvement could be made by normalizing
the crash data by a variable other than area or
population. Using normalizing variables like total
daytime population or daytime traffic volume
would help to temper the effect of outliers like
lower and midtown Manhattan, where a massive
daily influx of people dramatically increases the
probability of a crash. Finally, exploring how
traffic crashes and poverty are correlated, or
perhaps even causal, across space requires the

development of more spatially explicit regres-
sion models. The negative binomial model un-
covered in this analysis (see Methodology) is an
important first step, but application of additional
spatial statistical techniques like geographical-
ly-weighted regression (GWR) may help to deal
with the spatial autocorrelation present in most
poverty data in urban areas.

As long as crashes remain a part of urban life,
the work of uncovering where they happen, why
they happen and how they can be prevented
must continue.

METHODOLOGY

This study used a combination of geospatial
and statistical methods for examining relation-
ships between traffic crashes and poverty in
New York City.

Geospatial Methods

The geospatial analysis for this project was
carried out using ESRI's ArcGIS software. Geo-
coded data on traffic crashes was provided by
Transportation Alternatives as a comma-sep-
arated value (CSV) file. Socioeconomic and
demographic data was sourced from the U.S.
Census Bureau’s American Community Survey
(ACS) 5-year Estimates for 2014. The 5-year
Estimates were chosen because they provide the
largest sample size and are considered the most
reliable by the U.S. Census Bureau at fine geo-
graphic scales (the Census tract level). Spatial
geometries were retrieved from NYC Open Data
for boroughs, city council districts, community
districts, public use microdata areas (PUMAs),
police precincts, ZIP codes, and Census tracts.

To begin the analysis, crash data and spatial
geometries were reprojected into a common
coordinate system (NAD 1983 StatePlane New

York Long Island FIPS 3104 Feet). Crash data
was then spatially aggregated within each ge-
ometry using the Spatial Join geoprocessing
tool with an Intersect match option. Next, ACS
data was joined to spatial geometries for which
it is aggregated using a shared primary key
(Geo.id2); this included Census tracts, ZIP codes,
PUMAs, and boroughs (counties). For those
spatial geometries by which the Census does
not aggregate data, a separate method was
used. Centroids were extracted from each Cen-
sus tract with all attached attributes. Then, these
centroids and their attributes were aggregated
according to their spatial relationship with the
other geometries of analysis (city council dis-
tricts, community districts, and police precincts).
This process effectively provided, for every ge-
ometry of interest, a count of crashes alongside
all selected socioeconomic, demographic, and
transportation variables. A few simple field cal-
culations produced a crash density (crashes per
square mile) and a per capita crash rate (crashes
per person). These tables were then exported
as CSVs to be used in further statistical analy-
sis (see below) and provided to Transportation
Alternatives.

The final piece of geospatial analysis for this
project involved generating kernel densities of
traffic crashes at both the city level and at the
level of each borough. No population field was
specified to ensure that each crash was only
counted once. The search radius was specified
at 0.5 miles (2640 ft.) with area units in square
miles and output values as densities. The geo-
graphic method was specified as planar, as the
State Plane projection preserves distance at high
precision across the study region. Output rasters
were set to 10 ft. resolution to provide a high
level of detail. Finally, densities were classified at
intervals of 100 crashes per square mile for the
city level and 50 crashes per square mile for the
borough level. Keeping the classification schema
consistent across all five boroughs was import-
ant for ensuring direct visual comparison across
the borough maps. Design work for these maps
was performed using Adobe lllustrator.

Statistical Methods

The statistical analysis for this project was per-
formed using the R programing language*
alongside RStudio, an open-source software en-
vironment for statistical computing and graphics.
The statistical analysis consisted of three major
phases — 1) variable selection, 2) determining
correlation and significance between selected
variables, and 3) developing a regression model
relating traffic crashes to different measures of
poverty.

Data aggregated at the Census tract level was
chosen as the most appropriate for this analysis
due to its large sample size and high spatial res-
olution. These elements of the data make it less
susceptible to the influence of extreme outliers.
Census tracts within Manhattan were also re-
moved from the citywide correlation analysis and
regression model. Initial exploration of the data
revealed that these tracts were exercising a high
degree of influence due to their inflated crash
densities, a result of lower Manhattan’s massive
daytime population incrase. Trends consistent in
the other four boroughs were often bucked by
trends in Manhattan; for this reason, we chose to

analyze Manhattan separately as a unique case.
Variable Selection

Variables for this analysis were chosen in consul-
tation with Transportation Alternatives. Because
the project was particularly focused on exploring
connections between traffic crashes and poverty,
standard poverty variables like population densi-
ty, median income, number of people in poverty,
poverty rate, family poverty rate, employment
rate, and unemployment rate were selected.
Transportation Alternatives also expressed
interest in looking at variables related to public
housing to assess whether these residents in
particular were vulnerable to a higher incidence
of traffic crashes. For this reason, the number of
public housing developments, number of public
housing units, and the percent of the total pop-
ulation living in public housing were added as
variables to this analysis. Data for these variables
came from the New York City Housing Authority
(NYCHA) via the NYC Open Data Portal.

Transportation Alternatives was also interest-

ed in looking more closely at transportation
statistics to theorize potential correlations be-
tween different transportation modes, poverty,
and traffic crashes. While transportation data is
provided in the ACS it only reflects commuting
transportation experiences, thus capturing only
a proportion of all transportation events oc-
curring in a place. This data is implicitly biased
against poorer communities in which unemploy-
ment rates tend to be higher; their transporta-
tion experiences are not reflected in this data.
Transportation variables included in this analysis
were percent of the population commuting by
car, percent of the population commuting by
public transportation (excludes taxis and other
ride-sharing services), percent of the population
commuting by bike, percent of the population
commuting by walking, the total mileage of bike
lanes, and the density of bike lines (mileage of
bike lanes per square mile).

Finally, two spatial variables were included in the
analysis. The first, mean distance to Central Park,




was used to approximate each feature’s distance
from the city center. Central Park’s centroid was
used as the point for the city center. The second,
mean distance to bike lane, was used to ap-
proximate, on average, how far a resident would
have to travel to reach the closest bike lane.
Both of these variables were obtained through
geospatial analysis using Euclidean Distance
rasters and Zonal Statistics operations with the
Central Park centroid and the NYC bike lanes
shapefile as inputs.

23 variables in total were included in the analy-
sis. These are summarized in Figure 10.

Computing and Visualizing Correlation Be-
tween Traffic Crashes and Poverty

An R script was developed to perform the statis-
tical analysis and generate graphics for visualiz-
ing correlations between traffic crashes and pov-
erty. The script first subsets the data to remove
erroneous results using the dplyr® package. The
script then uses the scatterplot function from the
car® package to generate scatterplots relating
each surveyed variable (x) to the crash density
(y). The scatterplot function also generates box
plots along each axis to show the spread of the
minimum, maximum, first quartile, third quar-
tile, and median for the plotted variables. These
scatterplots were then exported as scalable
vector graphics (SVG) files from R and polished
up in Adobe illustrator.

To obtain correlation values (r) and significance
values (p) for every possible combination of vari-
ables in the dataset, covariance and correlation
matrices were generated using R’s built-in cov
and cor functions. A custom function was then
defined to flatten the generated values (depen-
dent variable, independent variable, strength
of correlation, and significance of correlation)
into a table structure that could be exported

as a CSV. This provided the strength, sign, and
significance of every possible correlation within
the dataset. Finally, the corrplot function from
the corrplot” package was used to generate a
graphical display of a correlation matrix.

Number of Crashes Transportation Alternatives

Total Population American Community Survey

Area of Census Tract Dervied - Geospatial Analysis

Crashes per Capita Dervied - Statistical Analysis

Crashes per Square Mile Dervied - Statistical Analysis

Population Density Dervied - Statistical Analysis

Number of People in Poverty American Community Survey

Poverty Rate (%) American Community Survey

Family Poverty Rate (%) American Community Survey

Median Income ($) American Community Survey

Employment Rate (%) American Community Survey

Unemployment Rate (%) American Community Survey

Number of Public Housing

Developments New York City Housing Authority

Number of Public Housing Units New York City Housing Authority

_Percen_t of Pogulatlon Living Dervied - Statistical Analysis
in Public Housing
NYC Open Data

Total Mileage of Bike Lanes (mi.) Dervied - Geospatial Analysis

Mileage of Bike Lanes per

Square Mile
Percent Commute by Car

Percent Commute by Public
Transportation

Percent Commute by Bike

Dervied - Geospatial Analysis

American Community Survey
Derived - Statistical Analysis

American Community Survey
Derived - Statistical Analysis

American Community Survey

Derived - Statistical Analysis

American Community Survey

Percent Commute by Walking Derived - Statistical Analysis

Mean Distance to Central Park (mi.) Dervied - Geospatial Analysis

Mean Distance to Bike Lane (mi.) Dervied - Geospatial Analysis

Figure 10. Variables selected for analysis, with the source provided.

Developing a Regression Model

The final phase of the analysis involved devel-
oping a regression model to begin to theorize
causal relationships between traffic crashes and
poverty in New York City. The regression model
was also developed in R.

To begin regression analysis, a series of ordinary
least squares (OLS) models were tested and
diagnosed for potential biases. Diagnostic tests
included the variance inflation factor (VIF) to
assess variable multicollinearity, a QQ Plot and
Shapiro-Wilks test to assess normality, a compo-
nent plus residuals plot to assess linearity, and a

Breush-Pagan test to assess heteroscedasticity.
These tests were supplemented by a Global Val-
idation of Linear Assumptions (GVLMA) model
to ensure the model passed all assumptions of
OLS regression. However, it soon became ap-
parent that no combination of variables satisfied
all OLS assumptions. Stepwise regression and
Best Subsets regression were also attempted to
uncover potential passing models, but neither of
these methods yielded suitable results. For this
reason, a different family of regression models
had to be chosen.

Generalized linear models (GLM) adapt linear
regression by allowing for response variables
that have a non-normal distribution and relating
response variables to linear models via a link
function. Finding a link function that mirrors the
distribution of your response variable is critical
to finding a well-specified GLM. To do this, the
R script employed the histDist function found in
the GAMLSS?® package to model the distribution
of our response variable (in this case, Number of
Crashes) against the typical distributions of four
link functions — Normal, Poisson, Zero-Inflated
Poisson, and Negative Binomial. The results are
visualized in Figure 11.

The latter three models are all appropriate for
modeling response variables that are count vari-
ables (i.e. a Number of Crashes); however, the
Negative Binomial model is particularly well-suit-
ed to situations in which overdispersion is pres-
ent, that is, when the observed variance of the
response variable is greater than the theoretical
variance. The R script checked for overdisper-
sion in the OLS model by dividing the deviance
of the model by the degrees of freedom of the
residuals and found significant overdispersion to
be present. This set of observations led to the
selection of the Negative Binomial model as the
basis for the regression model.

The final step in the regression analysis involved
iteratively building candidate Negative Binomial
models based on the best models uncovered by
OLS regression using the glm.nb function in the
GAMLSS package. First, all candidate variables

were centered and standardized (z-scored); this
allows for each variable’s regression coefficient
to be directly compared with others as a stan-
dard deviation from the mean. An offset param-
eter was also added to the candidate models

to control for the propensity of larger tracts to
have more crashes based simply on their size. In
effect, this normalized the response variable by
area. These models were then tested against the
null model and compared on the basis of Akaike
Information Criterion (AIC) and Bayesian Infor-
mation Criterion (BIC) scores. These two metrics
balance goodness of fit with number of vari-
ables, penalizing models that overfit by adding
additional independent predictors. The model
with the lowest AIC and BIC was selected and
passed through a p Chi-Square test to ensure
overall model significance. Diagnositc plots were
also generated to assess the fit. The regression
model and all accompanying diagnostic plots
are included below. Unfortunately, due to the
instability of the R? statistic for Negative Binomi-
al models, no global measure of goodness of fit
was generated for this model.
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