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. BACKGROUND

A substantial body of published research has found that the frequency of pedestrian-vehicle collisions is
predicted by factors including pedestrian and traffic volumes, vehicle speeds, road and intersection
design, land use, and socio-demographic population characteristics.” Vehicle and pedestrian volumes
are the mostimportantsingle determinants of pedestrianinjury collision frequency, with non-linear but
positive associations between pedestrian flows and traffic volumes with pedestrian injury collisions
consistently found at the small-arealevel including intersections.” Studies also show heterogeneity in
these associations, potentially due to differences in other environmental conditions including land use,
transportation system, and socio-demographic factors. Roadway design and higher operating speeds
are potentdeterminants of injury frequency as well asinjury severity. The quality of pedestrian facilities
is an important predictor of pedestrian injury in the research literature, based on analyses at the
intersection, street segment, and small-areas levels.? Low-income neighborhoods are more heavily
burdened with pedestrianinjuries and fatalities due factors potentially including higher residential area
trafficdensities, greater use of active transportand publictransit, and relatively poorer quality roadway
facilities.*

In 2009, the San Francisco Department of Public Health (SFDPH) published findings from its first
pedestrianinjury collision model in the peer-reviewed scientificjournal Accident Analysis & Prevention.”
The model predicts census-tract level changesinthe number of collisions resulting in pedestrian injury
or death associated with area-level changes in street, land use and population characteristics due to
new development ortransportation system factors. Significant predictors (census-tract level variables)
in that model are as follows (+: positively correlated; -: negatively correlated):

= Traffic volume (+) = Employee population (+)

= Arterial streets (+; %, without MUNI transit) = Resident population (+)

= Neighborhood commercial areas (+; %, land area) = Below poverty level (+; %, population)
® Land area (-; square miles) = Age 65and older (-; %, population)

Sinceinitially developing that model, SFDPH has applied it in a number of health impact assessments,
including the environmental impact analysis of the Eastern Neighborhoods Area Plans® and a health
impactassessment of road pricing.” A primary criticism of the census-tract level modeling approach has
been that census tracts are too large an area of estimation to inform targeted area improvements.

In 2011, SFDPH developed a methodology for identifying corridors with high absolute numbers of
vehicle-pedestrianinjury collisions in San Francisco (see Figure 1). The analysis demonstrated that 5%
of the City’s streetlength (the blue corridors) accounted for over 50% of serious and fatal injuries. The
methodology was developed as a part of SFDPH’s work as a co-lead of the San Francisco Citywide
Pedestrian Safety Task Force. Since then, the high injury corridor network has been adopted by city
transportation agencies to inform the prioritization of pedestrian safety improvements on the City’s
transportation network.
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Figure 1. High Vehicle-Pedestrian Injury Corridors in San Francisco, CA
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While the institutionalization of the high injury corridor approach has been a significant step forward
with respect to data-drive pedestrian safety investments, a valid critique is that is does not consider
future changes— particularly with respectto land use and transportation factors —that would impact on
pedestrian safety conditions. Giventhe above critiques regarding the scale of the initial model, SFDPH
thus embarked on the work summarized in this report to develop a more refined model of vehicle-
pedestrian injury collisions at signalized intersections in San Francisco. Similar to the high-injury
corridorapproach — these intersections account for only 16% of San Francisco’s intersections but almost
50% of vehicle-pedestrian injury collisions. As with the census-tract level approach, model inputs are
conditions data that are typically generated as a part of transportation and land use planning. In
addition to SFDPH’s previous work, the model’s development is informed by the Pedestrian Safety
Prediction Methodology research conducted by the National Cooperative Highway Research Program
(NCHRP). The NCHRP developeda“..methodology for quantifying the pedestrian safety effects related
to existing site characteristics and/or proposed improvements on urban and suburban arterials” at
signalized intersections using datasets from Toronto, Ontario and Charlotte, North Carolina. 8 Ourwork
utilizes a similar approach to develop a methodology using data from San Francisco.
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SFDPH began this work by consulting with the Citywide Pedestrian Safety Task Force’s Data
Subcommittee who provided feedback on the following model framework (Figure 2) and model inputs
detailedinTable 1. The Data Subcommittee included representatives from City agencies including the
San Francisco Police Department, the San Francisco Planning Department, the San Francisco County
Transportation Agency, the San Francisco Injury Center, the San Francisco Municipal Transportation
Agency, the San Francisco Mayor’s Office on Disability, the San Francisco General Hospital Trauma
Center and the San Francisco Fire Department — Emergency Medical Services, as well as community
organizations Walk SF, Senior Action Network/California WALKS and the Pedestrian Safety Advisory
Committee to the Board of Supervisors.

Figure 2 describes the conceptual framework thatinformed our model development. Specifically, that
characteristics of the environment around signalized intersections —including Transportation System
Operational characteristics (e.g., trafficvolumes), Street and Sidewalk characteristics (e.g., presence of
parking, trees), and characteristics related to Pedestrian Activity (orits proxies), Transit, and Vulnerable
Pedestriansall predict pedestrianinjuries atsignalized intersections. These factors all shape behaviors
and vulnerabilities that occur or exist at the level of pedestrian/motorist behavior and the vulnerability
of individual pedestrians—however those specific behaviors and/orindividual pedestrian characteristics
while on the pathway to injury are not part of the model.

Figure 2. Vehicle-Pedestrian Injury Collisions at Signalized Intersections: Conceptual Framework
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The next sections of this paperdetail model development and application informed by this conceptual
framework.

L. METHODS
The signalized intersection level model is based on cross-sectional data for the n=1,230 signalized

intersections in the City and County of San Francisco, California, depicted in Figure 3, below.

Figure 3. Vehicle-Pedestrian Injury Collisions at Signalized Intersections in the City and County of San
Francisco, California(n=2,441 collisions at n=1,230 intersections, 2005-2011)
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We used data on vehicle-pedestrian injury collisions in San Francisco, 2005-2011, from the Statewide
Integrated TrafficRecords System (SWITRS) which contains data on reported vehicle collisions on public
roadways.” SWITRS vehicle-pedestrian injury collision data were imported into ArcGIS (version 10.1;
ESRI Inc., Redlands, CA, USA) and geocoded to the intersection of the reported primary and secondary
streets (exactstreetaddressis notcollected). We excluded non-injury collisions which are reported as
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“Property Damage Only”. We included collisions resulting in pedestrian injuries and/or fatalities,
hereafterreferred to as “vehicle-pedestrian injury collisions.” We restricted our analysis to collisions
occurring at or within 20 feet of a signalized intersection, consistent with the definition of intersection
collisions used by San Francisco Municipal Transportation Agency traffic engineers. This resultedina
total of n=2,441 collisions at the n=1,230 intersections in the seven-year analysis timeframe.

Table 1 describes the independent variables considered in our analysis and data source and year. We
selected our analytic variables based on the previous literature and our interest in environmental
predictors of vehicle-pedestrian injury collisions at signalized intersections as detailed in Figure 2.

We used negative binomialregression (NBR) to model the count of vehicle-pedestrian injury collisions
over a 7-year period, a model commonly employed in the traffic safety literature.'® The model form
used is the Poisson model with an additional variance parameter (alpha) that accounts for over-
dispersion (when the variance is much greaterthan the mean), which was evident in the collision data.
While the Poisson modeling approach assumes that locations with the same covariates will have the
same underlying rate, the NBR approach allows this rate to vary (an approach used when there are
known important unmeasured covariates, also true in our data with respect to pedestrian volume).

The model form used for our analysesis:

E(Pl)=exp(bo+b.X; +...b,X,)

Where:

E(Pl)=predicted vehicle-pedestrianinjury collisions persignalized intersection

b, = intercept

b, = model coefficient for unitchange in predictorvariable i (signalized intersection level)
X, = signalized intersection-level datafor predictorvariablei

b, = model coefficient for unit change in predictorvariablex (signalized intersection level)

X, =signalizedintersection-level datafor predictorvariable x

We applied a natural log transformation to the traffic volume, bus volume, employee, and resident
population variables, similar to previous research. ™

We used the conceptual framework for our model building approach (Figure 2). We started with a base
model including the Transportation System Operational Characteristics in Table 1, along with a ratio of
minimum / maximum trafficvolume (consistent with the NCHRP recommended approach).” We then
added Street Characteristics followed by Pedestrian Activity Proxies and then Vulnerable Population
Proxies. In each step, variables were dropped from the model based on coefficient p-value.
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We assessed modelfitbased on goodness-of-fit statistics recommended in the literature: the likelihood
ratio R?, and the Mean Pearson X* and Mean Deviance statistics.”> The likelihood ratio R> “represents
the extent to which the model explains more of the variation of the dependent variable than an
intercept-only model.”** Notably there is not an equivalent goodness-of-fit test for negative binomial
regression as the R’ for an ordinary least squared regression model and we thus relied on the best
estimates based on the literature. Statistical analyses were conducted using STATA software (version
9.2; StataCorp, College Station, TX, USA).

L. RESULTS

There were at total of 5,225 vehicle-pedestrianinjury collisions recorded by the police and geocodable
inSan Francisco from 2005 to 2011. Ofthose, 47% (n=2,441) occurred at signalized intersections (Figure
4); 31% occurred mid-block (>20feetfrom an intersection). Signalizedintersections account for 16% of
intersections in San Francisco (1230/7723 total intersections) —and almost half of all vehicle-pedestrian
injury collisions. Signalized intersections in San Francisco are generally located on busier arterials with
heavier traffic volumes.

Figure 4. Vehicle-Pedestrian Injury Collisions by Location Type (2005-2011), n=5225
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Figure 5 illustrates the frequency distribution of vehicle-pedestrian injury collisions at signalized
intersections in San Francisco; Figure 3 depicts the geographic distribution of those collision.
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Figure 5. Histogram of Vehicle-Pedestrian Injury Collision Counts at Signalized Intersectionsin San
Francisco, California (n=2,441, 2005-2011)
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Table 1 shows the mean, median, standard deviation, and range for Transportation System Operational
Characteristics, Street Characteristics, Pedestrian Activity Proxies and Vulnerable Population Proxies at
signalized intersections in San Francisco. There is notable diversity in conditions across signalized
intersections. 58% had a maximum speed limit of 25 mph (miles per hour), while 26% had 30 mph, and
14% had 35 mph with 3% at 40 mph or higher. 20% of signalized intersections have only three legs,
while 77% have four legs and just 2% have 5 legs or more. There was an average of 3.3 trees at each
intersection, rangingfrom 0-14 trees. Residential and employee density also varied notably —with the
residentialaverage of 5,688 residents within % mile, ranging from 0— 25,238, and 7,344 employees per
% mile, ranging from 0-56,316. Average household income within % mile ranged from $28,835-246,475,
with an average of $108,315. There was also notable diversity in the proportion of youth and seniors
living within % mile, with the youth average of 11% (ranging from 0-26%) and the senior average of 14%
(ranging from 0-47%).

Table 2 details the results of the best fitting model. Increases in traffic volume (log), traffic ratio
(minimum/maximum leg), residents (log, number within % mile), employees (log, number within % mile),
muni stops within 100 feet, bus volume (log at intersection), and number of single room occupancy
hotels within % mile of the intersection all predict increased vehicle-pedestrian injury collisions at
signalized intersections. Three-legged intersections, number of trees within 100 feet of intersection,
slope (maximum at intersection), and average household income within % mile of intersection are all
inverselyassociated with vehicle-pedestrian injury collisions at signalized intersections. Goodness-of-fit
tests indicated that the negative binomial model was preferred to Poisson, with the dispersion
parameter alphasignificantly contributing to the results at p<0.001. The likelihood ratio R statistic was
relatively high at 0.67 indicating the model explains substantially more of the variance in the data than
an intercept only model, higher than the statistics report for models in the NCHRP report.”> The mean
Pearson chi-square and mean Deviance are also within the recommended acceptable range of 0.8-1.2.*°
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V. APPLICATION

We then applied the modelinacase study application to estimate future changesin vehicle-pedestrian
injury collisions in the Central Corridor project area, an area consisting of 12 large city blocks in San
Francisco’s South of Market neighborhood currently undergoing substantial rezoning that would impact
on residential and employee density as well as transportation conditions. Thisareaisalso divided by the
I-80 freeway, with its freeway ramps bringing thousands of vehicles into and out of the community each
day including commuters coming across the Bay Bridge. For this initial application, we used estimates
from existing reports of estimated increases in residential and employee density'” and trafficvolumes.*®
These sources provide the following estimates:

e 15-35% increaseinareatrafficvolumes: we chose the mid-point, 25%, for our application
e 1.94% increaseinareaemployees
e 2.35% increaseinarearesidents

We applied theseestimatesto the final modelequation (below), assumingall other model covariates
were held constant:

Vehicle-Pedestrian Injury Collisions (n) = exp(-5.428 + byoiin(:2561) + b minty/maxtv(-3447) + b3jes (-.6893) +
btrees (-0295)+ bemp|n(.0665) + bresln(-2762) + bmuni(_1021) + bbusln (1749) + bslope (-0260) + bhhinck(-.0028) +

bs0(.0076))
Where:
tvolln= Traffic Volume atintersection (aggregate, logN)
mintv/maxtv = Minimum Traffic Volume / Maximum Traffic Volume ratio
3legs = 3-Leg Intersection
trees = Trees within 100 feet of intersection (N)
empln = Employees within 1/4 mile of intersection (log N)
resln= Residents within 1/4 mile of intersection (log N)
muni = Muni stops within 100 feet of intersection (N)
busin= Bus volume at intersection (logN)
slope= Slope at intersection (maximum)
hhinck = Householdincome, average within 1/4 mile of intersection ($1,000)
sro= Singleresident occupancy hotels within 1/4 mile of intersection (N)

We then subtracted the future estimated conditions results for each signalized intersection from the
estimated existing conditions count of vehicle-pedestrian injury collisions and divided that amount by
the estimated existing conditions count of vehicle-pedestrian injury collisions to obtain an estimated
percent change in future conditions. Forthis example, given that the same predicted future changes
were applied to all area intersections and that all estimates that change in future conditions (traffic
volume, residents, employees) were natural log transformations, all signalized intersections in the
projectarea had the same predicted increasein vehicle-pedestrian injury collision of 6.7% in the future
scenario. Usingthe above formula, this means thata 25% increase in trafficvolume is associated with a
6% increase in vehicle-pedestrian injury collisions (simplified as a power function, ((1.25*°°') - 1)), a
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1.94% increase in area employees is associated with a 0.1% increase in in vehicle-pedestrian injury
collisions (or ((1.0194°%°®*)-1)), and a 2.35% increase in area residents is associated with a 0.6% increase
in vehicle-pedestrian injury collisions (or (1.0235°%?7%%)-1)). Traffic volume is clearly the largest
contributor to increased vehicle-pedestrian injury collisions in this case study.

In existing conditions there are on average 210 vehicle-pedestrianinjury collisions at the 50 project area
intersections in a 7-year period. Using the above estimated changes in traffic volume, residents, and
employees and assuming no other changesin otherconditionsinthe projectarea, the model predicts an
increase of 14 vehicle-pedestrianinjury collisions in that same area in a seven-year period —or two per
year in the 12 block area. Intersections with existing high injury collisions are estimated to have the
highest increases — the highest including the corridor from 6“‘/Market, 6th/Mission and 6th/Howard as
well as4™/Market. Figure 6 depictsthe projectareain existing conditions, as well as predicted increases
in future conditions for a seven-year period.

Differentresults would be estimated in afuture scenario thatincluded changesin other covariates. The
model coefficients for the independent variables that are not log-transformed estimate the change in
the log count of vehicle-pedestrianinjury collisions per unit increase in that predictor. For example, an
increase in 5 trees within 100 feet of an intersection is associated with a 14% decrease in vehicle-
pedestrian injury collisions (exp(5*-0.0295069) = 1-0.86 = 14%), whereas reducing the number of
intersection legs to three legs (exp(1*-0.6893) = 1-0.50 = 50%) is associated with a 50% decrease in
vehicle-pedestrian injury collisions.

An important caveat regarding the model and this application is that only collisions at signalized
intersections are estimated. Anadditional 210 vehicle-pedestrianinjury collisions (147 mid-block, 63 at
unsignalized intersections) occurred in the area from 2005-2011, that are not reflected in Figure 6 or
modeled in future conditions. Model findings are thus informative regarding the need for additional
attention to pedestrian safety in the context of this project, and focus particularly at signalized
intersections.

Notably, there are a number of pedestrian safety improvements slated for the Central Corridor project
area, includinglane reductions, sidewalk widening, signalized crosswalk installations, corner bulb-outs,
street trees and furnishings (though not yet site specific), and restricting curb cuts — many of which
SFDPH has already supported through work with Central Corridor project staff. Using the above
findings, SFDPH will continue to work with transportation and planning staff to better understand the
slated changes for the area, to obtain more site-specific data as it becomes available, and to better
understand how model results can better demonstrate the need for targeted pedestrian safety
improvements.
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Figure 6. Central Corridor Project Area: Vehicle-Pedestrian Injury Collisions at Signalized Intersections

in Existing and Estimated Future Conditions (Seven-Year Time Frame)
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V. DISCUSSION AND NEXT STEPS

In San Francisco, California, a multivariate, negative binomial regression model of vehicle-pedestrian
injury collisions at signalized intersections found statistically significant predictors of collisions to include
traffic and bus volumes, intersection leg count, trees, employee and resident population, bus stops,
street slope, and average household income and single resident occupancy hotels. Model variables had
a positive association with vehicle-pedestrian injury collisions, with the exception of three-leg
intersections, slope, trees, and average household income within % mile, which had an inverse
association with vehicle-pedestrian injury collisions.

Predictive modeling and the resulting findings should be applied and interpreted with caution.
Consistent with previously developed models, this model was developed to calculate expected numbers
of injuries absent preventive measures. Once those future collision conditions are estimated,
knowledge about the effectiveness of specific prevention efforts (e.g., crash reductions factors for
engineering countermeasures) can be used to estimate the effectiveness of particular interventions on
collision reduction. With respect to HIA, this type of modeling can be helpful to estimate potential
changesin future conditionstoinform the need for interventions to protect or promote health. Inthe
application example, estimated increases in vehicle-pedestrian injury collisions provide information
regardingthe need for pedestrian safety measures to be considered inthe context of a project. While it
is important to be cautious, model findings are informative regarding associations between vehicle-
pedestrian injury collisions and transportation system, street and sidewalk, and other factors that are
potential proxies for pedestrian activity and vulnerable populations.

The model was created based on police-reported injury data. Observed counts of vehicle-pedestrian
injuries based upon the collisions reported to and recorded by police generally underestimate the true
burden of vehicle-pedestrian injuries. An analysis in San Francisco comparing data from 2000-2001
police records with hospital data from San Francisco General Hospital (SFGH, the City’s Level-l Trauma
Center which sees the majority of more severely injured pedestrians) found that 22% of pedestrians
injured and seen at SFGH were not reported in police records.'® Undercounts of baseline injuries based
on police record data thus will translate into undercounts of predicted future injuries.

SFDPH'’s previous census-tract level model of vehicle-pedestrian injury collisions*® as well as a number of
other published studies have found traffic volumes to be predictive of vehicle-pedestrian injury
collisions in a variety of contexts and geographic levels.?" The coefficient for traffic volume (0.256) is
notably lower than in SFDPH’s census tract level model (0.753), however this signalized intersection
model has a separate coefficient for bus volume (0.175), and includes an additional variable for the
minimum / maximum trafficvolume (0.345) which likely explains some of these differences. Our model
coefficients fortrafficvolume and the minimum/maximum volume ratio were similarto the coefficients
inthe final base model recommended forfour-legintersections (0.40and 0.26, respectively) developed
by the National Cooperative Highway Research Program.?* Distinct from that approach, we included
intersection legs as a potential covariate in our model so that we could directly assess its contribution to
vehicle-pedestrian injury collisions.
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Both bus volumes and the number of bus stops within 100 feet of an intersection were positively
associated withincreasesin vehicle-pedestrianinjury collisionsin our model. This makes intuitive sense,
in that public transit is strong attractor for pedestrians and that corridors with high bus volumes may
also have relatively higher numbers of both traffic and pedestrian volumes. These findings suggest
additional analyses could be informative to better understand the specific factors contributing to
increasesinvehicle-pedestrianinjury collisions around transit, and potential transit-specific pedestrian
safety improvements that could be implemented.

Increasesinvehicle-pedestrian injury collisions were also associated with decreasing average income
(within one-quarter mile) and increases in single resident occupancy hotels (SROs) in San Francisco —
independent of traffic volume. Multiple factors could potentially explain this finding, including
increased reliance on walking among lower income populations, concentrations of populations
particularly vulnerableto pedestrianinjury livingin SROs including seniors and people with disabilities,
or potential unadjusted confounding factors thatincrease risk for pedestrianinjury (e.g., vehicle speeds)
alsobeingconcentrated in these communities. Though we tested the contribution of maximum speed
limit at the intersection, we were not able to include a reliable citywide vehicle speed assessment
variable in our model, which strongly predicts injury severity. The finding of increased vehicle-
pedestrianinjuriesin lower income communities is consistent with previous research in San Francisco
2324 Recentresearch stresses the importance of reducing traffic volume and improving
roadway design, particularly in these communities, to help addressing existing injury disparities.*

and othercities.

A number of factors significant in the model are potential proxies for pedestrian activity —including
resident and employee populations, the presence of bus stops, and the number of SROs. The
application of the model and its results are not intended to be interpreted to inform decisions or
measures that discourage walking — but rather provide additional information regarding where
pedestrian safety measures can be targeted to prevent injury and death in the context of ongoing land
use and transportation system decisions.

As noted in the application example, an important caveat in the application of this model to a project
area is that it is only applicable to signalized intersections. As a next step, SFDPH plans to continue
model development fornon-signalized intersections and mid-block collisions. In the absence of models
for those locations, asignalized intersection model is informative to estimate the potential impacts of
future conditions associated with transportation and land use changes at signalized intersections where
almost half of vehicle-pedestrian injury collisions in San Francisco occur.

We did notinclude some variables in the modeling process due to their high correlation with multiple
other variables of interest. These variables include: number of lanes at the intersection, intersection
density within % mile, off-street parking spaces, residential and commercial zoning, schools or senior
centers within % mile, and proportion of residents with disabilities and non-English speaking.

Intersection-level engineering factors were not included in this model of signalized intersections for a
numberof reasons. The presence of such countermeasures are confounded by other model covariates
(e.g., trafficvolumes) which are used to determine installation. This model also used a cross-sectional

12
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approach thatwould not be appropriate to assess the effectiveness of such measures given the lack of
data regarding the timing of their implementation. Clear guidance regarding the use of multivariate
models to conduct such research exists but is not within the scope of this modeling effort.?®

VI. CONCLUSION

The results of this model reveal the significant contribution of environmental factors —specifically traffic
volumes aswell as proxies for pedestrian volume and transportation system features including transit —
to the occurrence and location of pedestrian injuries in San Francisco. SFDPH’s findings illustrate that
identifying where land use and transportation factors are predicted to change can help predict where
pedestrian injury would be likely to increase. Understanding these relationships provides a strategic
opportunity to prevent pedestrian injury by proactively incorporating pedestrian safety improvements in
these plans, which can be advanced through SFDPH’s ongoing engagement in inter-agency efforts to
reduce pedestrian injury in San Francisco.
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Table 1. Bivariate Statistics for Independent Variables:

Vehicle-Pedestrian Injury Collisions at Signalized Intersections in San Francisco, California

(SWITRS 2005-2011, N=2,441 Collisions at N=1,230 intersections)

Variables Mean Median Minimum Maximum Standard Data Source (Year)
Deviation
Transportation System Operational Characteristics
Traffic volume, intersection aggregated (Avg. Annual Daily) 57,329 50,416 2 645,645 44,015
SFCTA (2005)
Traffic volume: Minimum Leg Volume / Maximum Leg Volume 0.4 0.3 0.0 1.0 0.3 SFCTA (2005)
(N)
Speed limit, maximum at intersection (%) SFMTA (2013)
25 mph 58% 100% 0% 100% 49%
30 mph 26% 0% 0% 100% 44%
35 mph 14% 0% 0% 100% 35%
40 mph 1% 0% 0% 100% 8%
45 mph 2% 0% 0% 100% 13%
Street Characteristics
Legs at Intersection (%) SFDPW (2010)
3 20% 0% 0% 100% 40%
4 77% 100% 0% 100% 42%
5o0r6 3% 0% 0% 100% 17%
Freeway ramps within 1/4 mile (N) 0.5 0.0 0.0 8.0 1.3 SFMTA (2010)
Truck route at intersection (%) 81% 100% 0% 100% 40% SFMTA (2009)
One way street at intersection (%) 42% 0% 0% 100% 49% SFCTA (2010)
Bike lane at intersection (%) 42% 0% 0% 100% 49% SFMTA (2010)
Street trees within 100 feet (N) 3.3 3.0 0.0 14.0 3.0 SAIC (2007)
Metered parking at intersection (%) 8% 0% 0% 100% 28% SFMTA (2010)
Pedestrian Activity Proxies
Residential population density within 1/4 mile (N) 5,688 4,876 0 25,238 4,078 Census (2010)
Employee population density within 1/4 mile (N) 7,344 2,448 33 56,316 10,835 LEHD (2009)
Bus stops within 100 feet (N) 0.9 0.0 0.0 8.0 1.1 SEMTA (2010)
Bus volume, intersection aggregated (Avg. Annual Daily) 128 100 0 1,092 130 SFCTA (2005)
Regional rail transit station within 1/4 mile (n) 0.2 0 0 6.0 0.7 SFMTA (2010)
University within 1/4 mile (%) 6% 0% 0% 100% 24% SF Planning (2011)
Parks within 1/4 mile (N) 1.8 2.0 0.0 7.0 1.3 SERP (2008)
Zoning within 1/4 mile (%, land area) SF Planning (2011)
Industrial/PDR 4% 0% 0% 85% 12%
Neighborhood Commerecial 7% 5% 0% 32% 7%
Mixed Use 1% 0% 0% 26% 4%
Public Use 10% 6% 0% 89% 12%
Slope, major street (N) 5.4 4.0 0.0 29.0 3.7 SFDPH (2007)
Vulnerable Population Proxies
Alcohol outlets within 1/4 mile (N) 9 7 0 43 8 CDABC (2011)
Single resident occupancy hotels within 1/4 mile (N) 4 0 0 78 11 SFDPH (2012)
Public health centers within 1/4 mile (N) 2 1 0 11 2 SFDPH (2010)
Average household income within 1/4 mile (S) S 108,315 S 101,855 S 28,835 S 246,475 S 42,881
People aged 17 and under within 1/4 mile (%) 11% 10% 0% 26% 5% Census (2010)
People aged 65 and older within 1/4 mile (%) 14% 13% 0% 47% 7% Census (2010)

CDABC: California Department of Alcoholic Beverage Control

Census: U.S. Census

LEHD: Longitudinal Employer andHousehold Dynamics Program (Census)
SAIC: Science Applications International Corporation

SFCTA: San Francisco County Transportation Authority's Travel Forecasting Model, SF-CHAMP 4

SFDPH: San Francisco Department of Public Health
SFDPW: San Francisco Department of Public Works

SFDTIS: San Francisco Department of Telecommunications and Information Services

SFMTA: San Francisco Municipal Transportation Agency
SF Planning: San Francisco Planning Department

SFRP: San Francisco Department of Recreation and Parks
SWITRS: Statewide Integrated Traffic Records System



Table 2. Final Model of Vehicle-Pedestrian Injury Collisions at Signalized Intersections in San Francisco, California
(SWITRS 2005-2011, N=2,441 Collisions at N=1,230 intersections)

Negative Binomial Regression

Goodness of Fit

Estimate or Measure

Likelihood ratio test of a=0

LR=166.96 (p< 0.001)

Ruz = 1'afina\l / Oconstant-only 0.65716755
Mean/Scaled Pearson X%/(df) 1.08
Mean/Scaled Deviance/(df) 1.10

|Parameter Estimate Standard error (SE) p-value 95% CI, Lower 95% CI, Upper
Traffic Volume at intersection

(log N) 0.256 0.037 0.000 0.184 0.329
Minimum Traffic Volume /

Maximum Traffic Volume 0.345 0.101 0.001 0.148 0.542
3-Leg Intersection -0.689 0.091 0.000 -0.867 -0.511
Trees within 100 feet of

intersection (N) -0.030 0.010 0.002 -0.048 -0.011
Employees within 1/4 mile of

intersection (log N) 0.067 0.020 0.001 0.028 0.105
Residents within 1/4 mile of

intersection (log N) 0.276 0.049 0.000 0.180 0.373
Bus stops within 100 feet of

intersection (N) 0.102 0.024 0.000 0.055 0.149
Bus volume at intersection

(log N) 0.175 0.023 0.000 0.130 0.219
Slope at intersection

(maximum) -0.026 0.008 0.001 -0.042 -0.010
Household income, average

within 1/4 mile of intersection

($1,000) -0.003 0.001 0.001 -0.004 -0.001
Single resident occupancy

hotels within 1/4 mile of

intersection (N) 0.008 0.002 0.002 0.003 0.012
intercept -5.428 0.621 0.000 -6.644 -4.212
Dispersion parameter (a),

model 0.301 0.036 0.238 0.381
Model Characteristics Estimate or Measure

Number of observations (n) 1230

Number of parameters (p) 11

Log-likelihood -2074.337

Dispersion parameter (a),

model with only the constant 0.8783203



