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What is counted counts: An innovative linkage of police, 
hospital, and spatial data for transportation injury prevention

Shamsi Soltania,*, Leilani Schwarcza, Devan Morrisa, Rebecca Plevinb, Rochelle Dickera, 
Catherine Juillardb, Adaobi Nwabuob, Megan Wiera

aSan Francisco Department of Public Health, San Francisco, CA, United States

bDepartment of Surgery, Zuckerberg San Francisco General Hospital, University of California, 
San Francisco, CA, United States

Abstract

Introduction: Growing research indicates transportation injury surveillance using police 

collision reporting alone underrepresents injury to vulnerable groups, including pedestrians, 

cyclists, and people of color. This reflects differing reporting patterns and non-clinicians’ 

challenge in accurately evaluating injury severity. To our knowledge, San Francisco is the first 

U.S. city to link and map hospital and police injury data. Analysis of linked data injury patterns 

informs interventions supporting traffic fatality and injury prevention goals.

Methods: Injury and fatality records 2013–2015 were collected from San Francisco Police, 

Emergency Medical Services (EMS), Medical Examiner, and Zuckerberg San Francisco General 

Hospital (ZSFG). Probabilistic linkage was conducted using LinkSolv9.0 on match variables 

collision/admission time, name, birthdate, sex, travel mode, and geographic collision location.

Results: From 2013-2015, this study identified 17,000+ transportation-related injuries on public 

roadways in San Francisco. Twenty-six percent (n = 4,415) appeared in both police and ZSFG 

sources. Linked injury records represent 39% of police records (N = 11,403) and 43% of hospital 

records (N = 10,223). Among hospital records, 34% of cyclist, 38% of motor vehicle occupant, 

61% of pedestrian, and 54% of motorcyclist records linked with a police record. Linkage rate 

varied by travel mode even after controlling for injury severity. Transportation-injured ZSFG-

treated patients lacking police reports were more often cyclists, male, Hispanic or Black, and less 

often occupants of motor vehicles compared to those with injuries captured only in police reports.
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Conclusions: Incorporating hospital and EMS spatial data into injury surveillance systems 

historically reliant on police reports offers trifold benefits. First, linkage captures injuries absent 

in police data, adding data on populations empirically vulnerable to injury. Second, it improves 

injury severity assessment. Finally, linked data better informs and targets interventions serving 

injury-burdened populations and road users, advancing transportation injury prevention.

Practical applications: Linkage closes data gaps, improving ability to quantify injury and 

develop evidence-based interventions for vulnerable groups.
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Probabilistic linkage; Injury surveillance; Traffic collision; Vision Zero; Local health department

1. Introduction

In the United States, transportation injury surveillance relies predominantly on police 

collision injury reporting. The national rate of transportation injury surpasses that of other 

high-income countries, calling attention to the need for injury surveillance (World Health 

Organization, 2018, Cherry et al., 2018). However, using police collision reports alone 

to measure the burden of traffic injuries underrepresents and misclassifies injuries and 

their severity, in particular injuries suffered by vulnerable road users (such as pedestrians 

and bicyclists) and people of color (Elvik & Mysen, 1999; Langley et al., 2003; Lopez 

et al., 2012; Sciortino et al., 2005; Tin Tin et al., 2013). These gaps in police collision 

data are concerning because traffic injuries are preventable via proven measures, provided 

data are available to accurately target intervention efforts (Centers for Disease Control and 

Prevention [CDC], 2019; Sauber-Schatz et al., 2016). Linked datasets have the potential 

to improve our understanding of transportation injury and fatality risk factors, enabling 

prevention measures to be tailored to locations and local environmental factors associated 

with injury. In 1992, the National Highway Traffic Safety Administration (NHTSA) 

conducted probabilistic linkage of police and medical traffic injury data for the multistate 

Crash Outcome Data Evaluation System (CODES) project (National Highway Traffic Safety 

Administration, 2021). By 1996, this improved data source informed a report to the 

U.S. Congress on the benefits of protective devices in motor vehicle-involved crashes— 

i.e. seat belts and motorcycle helmets (National Highway Traffic Safety Administration, 

1996). Since CODES, entities such as New York City and the state of California have 

undertaken linkage projects, a step additionally encouraged by the Centers for Disease 

Control and Prevention (California Department of Public Health, 2017; Centers for Disease 

Control and Prevention, 2019; Conderino et al., 2017). In San Francisco a prior linkage 

focused specifically on pedestrians in local trauma and state-reported collision records 

(Sciortino et al., 2005). Transportation injury data linkage enables injury burden estimate 

improvement, evaluation of changes in crash severity over time and comparison of injury 

severity between injury scales (Short & Caulfield, 2016; Tainter et al., 2020; Couto et al., 

2016). These examples demonstrate the feasibility and targeted prevention opportunities of 

linkage, but they also highlight the one-off nature and finite time period of most linkage 

projects. Most jurisdictions in the United States lack the funding and staff resources, 
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institutional knowledge and/or political will to undertake these probabilistic linkage projects 

and incorporate them into routine surveillance activities (Milani et al., 2015).

In 2014, San Francisco became the second city in the United States to adopt Vision Zero– 

now embraced by over 40 cities and growing nationwide (https://www.visionzerosf.org/, 

Vision Zero Network, 2021). Initially developed in Sweden, Vision Zero is a road safety 

paradigm focused on designing a safe transportation system that ensures predictable human 

errors do not have fatal or severe consequences. While the overall goal is to eliminate traffic 

deaths and reduce severe traffic-related injury, Vision Zero also prioritizes addressing the 

current disproportionate harm to vulnerable groups: older adults, people of color, children 

and those walking in low income communities (Fleisher et al., 2016; National Complete 

Streets Coalition and Smart Growth America, 2019; Sauber-Schatz et al., 2016). Focused 

on systemic change, Vision Zero initiatives require high-quality, reliable and representative 

injury surveillance to inform prevention.

Our objective is to create a comprehensive transportation-related injury surveillance system 

linking hospital, police, medical examiner, and ambulance response data to inform Vision 

Zero traffic injury prevention initiatives and policy in San Francisco. The specific aims of 

our data linkage are fourfold. First, we seek to show the feasibility of employing a novel 

linkage methodology incorporating multiple datasets to provide an improved understanding 

of the magnitude and patterns of traffic injury and fatality. Second, we aim to demonstrate 

that creating linked data set leads to improved identification of injuries otherwise unreported 

or underreported via traditional surveillance. Notably, this linkage allows individual-level 

comparison of injury severity as classified in police data to both clinically-assessed trauma 

severity and hospital admission status. Third, we map the linked injury data to the street 

intersection level. Finally, the geolocated linked dataset seeks to allow San Francisco’s 

Vision Zero program to identify locations and populations best served by injury prevention 

interventions, informing major capital investments. The retention of unlinked records in this 

dataset will improve our capture of unreported crash injuries and understanding of reporting 

biases in the city, relative to standard police record-based surveillance. This endeavor differs 

from other projects in its access to personal identifiers (e.g., name and birthdate) in both 

hospital and police data sources and utilization of location of injury data from ambulance 

providers. To our knowledge, San Francisco is the first U.S. city to complete comprehensive 

geolocated linkage from multiple sources.

2. Materials and methods

Injury and fatality records from calendar years 2013–2015 were collected from the San 

Francisco Police Department (SFPD), Zuckerberg San Francisco General Hospital and 

Trauma Center (ZSFG), Emergency Medical Services (EMS) and Office of the Chief 

Medical Examiner (OME). Records from all sources were restricted to people injured within 

the City and County of San Francisco where injuries were non-intentional (i.e., not assault, 

suicide, or homicide). The San Francisco Public Health Department (SFDPH) conducted 

the linkage, with the San Francisco Municipal Transportation Agency (SFMTA) funding a 

full-time epidemiologist within [X]DPH for this work.
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2.1. Data sharing

University of California San Francisco (UCSF) Human Research Protection Program 

Institutional Review Board (IRB) approval #17-23497 governs the use and protection of 

ZSFG patient data for the purposes of this linkage and related research. Privacy of ZSFG 

Trauma Registry (TR), Emergency Department (ED), and EMS health information was 

maintained per the Health Insurance Portability and Accountability Act (HIPAA). SFDPH, 

UCSF, and ZSFG signed a Data Sharing Agreement and Memorandum of Understanding 

outlining protocols for data access, privacy protection, and intended uses which employ the 

linked dataset.

2.2. Data sources

Police collision reports were provided from the Crossroads Software Traffic Collision 

Database System, used during the project period by SFPD to manage electronic police 

report data. Minimum fields are defined by the California Highway Patrol 555 Crash Report 

form, and include detailed crash characteristics such as vehicles involved, number of parties 

to the collision, location, California vehicle code violation and identifiers including names 

and addresses of parties involved in a crash (State of California Department of California 

Highway Patrol, 2011). Collision reports for which an SFPD officer responded to a collision 

site on a public roadway in San Francisco were included, while counter reports filed after 

the fact (for collisions to which an officer did not respond to the scene of the incident) were 

excluded ensuring all injuries were classified by a medical or law enforcement professional.

ZSFG is a public hospital and the sole Level 1 Trauma Center for the City and County 

of San Francisco, serving 1.5 million people in San Francisco and northern San Mateo 

counties. The most severely injured patients are routed through a citywide coordinated 

trauma triage system, adhering to two levels of trauma team activation criteria which 

ensure that patients with injuries requiring emergent or urgent trauma care arrive to ZSFG. 

The trauma center serves 3,900 trauma patients annually (“About ZSFG,” 2012). Patients 

reflected in hospital data include all road user types: pedestrians, cyclists, motorcyclists 

and motor vehicle occupants, with all trauma activated transportation injured people in the 

region routed to ZSFG. Of relevance, access to alternative Level 1 or 2 trauma centers in 

the region requires leaving the county and in most cases crossing a bridge. Patients injured 

outside of the City and County of San Francisco were excluded. Patients with traffic-related 

injuries that were intentional or self-inflicted (including homicides and suicides) or the result 

of assault were excluded. Permission to conduct this surveillance was obtained from the 

UCSF’s Human Research Protection Program IRB.

ZSFG data were sourced from both the TR and ED. The TR conforms to the National 

Trauma Data Standard and captures detailed data on the most severe injuries—those 

requiring a trauma team response for life- or limb-threatening injury or burns (“NTDS 

Data Dictionary, 2015). Because these injuries are restricted to the most severe, they 

are not representative of the wider burden of traffic-related injury (Horan & Mallonee, 

2003). Inclusion of ED records improves the generalizability of hospital injury records and 

supplements injury surveillance and incidence estimates by including less severe injuries. 

For all hospital data, injuries with an International Classification of Disease, 9th Revision 
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(ICD-9) external cause of injury code (e-code) indicating transportation-related injury were 

included (Appendix A). In addition to e-codes, hospital data offers clinical assessment 

of injury severity and valuable information on patient comorbidities, disability status and 

homelessness—variables which may be related to injury vulnerability. ED and TR data were 

joined by a unique hospital patient identification number.

For patients transported to ZSFG by EMS, crash geographic location information was 

obtained from each of three companies which provide Advanced Life Support ambulance 

transport: the San Francisco Fire Department, King American and American Medical 

Response. EMS collision location data were joined to the ZSFG dataset using prehospital 

run sheet number.

The OME investigates all traumatic deaths in the county and issues detailed fatality records. 

Their mortality data for transportation related injuries were directly linked to the dataset 

using police report number.

2.3. Combining datasets

For optimum matching of records between datasets, we deduplicated records and 

standardized matching variables to common formats and verified common coding across 

discrete variables (Centers for Disease Control and Prevention, 2019).

We used LinkSolv9.0 software to select candidate pairs from our hospital and police datasets 

using four blocking variables (first name, date of birth, primary road, and collision date), 

then probabilistically matched records represented in both datasets on eight fields: date of 

birth, Soundex of first name, Soundex of last name, sex:gender, road user type (derived from 

ICD-9 e-code):travel mode, collision date:hospital arrival date, and primary and secondary 

road. Tolerance of one typographical error was built into the match of date of birth between 

sources. Name fields were matched using a Soundex phonetic algorithm, which compares 

fields based on pronunciation rather than exact character matches. This algorithm was 

developed for American English and expanded for use on the Chinese Pinyin system to 

match a higher proportion of Asian-origin names common among the San Francisco Bay 

Area population. Binary sex:gender and road user type were required to match exactly. 

Collision date:hospital arrival date could fall within one day of one another. Primary 

and secondary roads were individually compared to both road names from a possible 

match in case of reversal— necessary for collisions occurring in intersections (Table 1). 

Variable match weights were calculated using five independent Markov Chain Monte Carlo 

algorithms, assigning higher weights to records agreeing on rare matching variable values 

relative to common ones.

Descriptive statistics were calculated providing demographic and injury characteristics from 

each data source. The continuous variable of age was reported by mean and median value. 

Two sample z tests were used to compare proportions between unlinked data sources, and 

one sample z tests for comparison of proportions from different sources referring to the 

same linked sample. Chi square tests were used to compare proportions between original 

data sources and the linked dataset and to assess associations between the potentially 

confounding variables considered for regression models. To explore whether injury severity 
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confounds the odds of record linkage, we created a logistic regression model to compute 

linkage odds by mode with pedestrians as the reference group, adjusting for medically-

designated severity category (i.e. sub-severe, severe, or critical/fatal injury). We reported 

odds ratios and 95% confidence intervals from our regression model. Statistical analyses 

were performed using R version 4.0.1.

To assess geographic vulnerability we used a binary regional proxy measure of 

“Communities of Concern” based on vulnerable census tracts– arrived at by a compound 

calculation taking into account neighborhoods with high concentrations of minority, low-

income, transit-dependent, non-English speaking, disabled or older individuals (“MTC 

Communities of Concern Factor and Predominant Populations (Census 2010) Explorer, 

2018).

Linkage allows comparison of injury severity classified in police data to both clinically-

assessed Injury Severity Score (ISS), a correlate of trauma severity, and hospital admission 

(Senkowski & McKenney, 1999). We use the criterion of ISS > 15 as a proxy measure 

for critical injury, widely accepted in trauma literature (Senkowski & McKenney, 1999). 

Prior crash injury linkage projects have documented variation between police and medical 

assessments of crash-related injury severity (Cherry et al., 2018; Cryer et al., 2001; 

McDonald et al., 2009). We calculated the sensitivity and specificity of the police 

assessment of injury severity among linked records to assess this relationship in our data.

3. Results

From 2013 to 2015, there were 17,211 transportation-related injuries in San Francisco 

detected using this surveillance methodology, comprising over 5,000 transportation-related 

injuries annually. One quarter (26%, n = 4,415) of these injuries appeared in both police and 

hospital data sources (Table 2). Linked records represent 39% of total police injury records 

(N = 11,403) and 43% of total hospital injury records (N = 10,223) (Fig. 1).

Linkage rates (the proportion of hospital records linking to a police record) varied notably 

by travel mode, with 34% of injured cyclist and 38% of injured motor vehicle occupant 

hospital records matching to a police record (817/2,393 and 1,531/4,031, respectively), 

compared to 61% of injured pedestrian and 54% of motorcyclist hospital records with police 

record matches (1,392/2,273 and 619/1,149, respectively) (Table 2). Because injury severity 

significantly predicts record linkage (p < 0.0001), we adjusted for it in a logistic regression 

model (Table 3). For the model, pedestrians were the reference category, representing both 

the road user group with the highest linkage rate and the one most vulnerable to injury. In 

the adjusted model cyclists had 63% lower, motorcyclists had 33% lower, and motor vehicle 

occupants had 47% lower odds of linkage compared to pedestrians (Table 3).

Table 4 summarizes demographic and injury severity characteristics of linked and unlinked 

records by data source and overall. Injured patients treated at ZSFG who are not represented 

in police records showed some distinct differences from the group of people captured solely 

via police reporting. People with transportation injuries treated at ZSFG without associated 

police reports were more often cyclists, male, Hispanic or Black, and less often occupants 
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of motor vehicles compared to those with injuries captured only in police collision reports 

(each p < 0.0001, Table 4).

Mean Linksolv-generated match probability for linked records was 99.38% (range 4.24–

100%). Mean match weight for linked records was 39.64 (range 8.16–67.57), representing 

the likelihood ratio of observed variable values given that a record pair is matched versus 

unmatched. For purposes of determining travel mode in trauma data, over 99% of trauma 

registry records contained e-code information.

3.1. Linked data findings

Among people in the linked dataset– those who both had a pre-hospital or hospital record 

and a police record of injury– there were notable differences in the categorization of 

race/ethnicity and injury severity. Among the same 4,415 people, police reports were 

significantly less likely to record individuals as Hispanic (16%, p < 0.0001) compared to 

medical records (20%, Table 4). Comparing police injury severity classifications of severe 

and fatal injury in linked records to medical assessment of critical injury (ISS > 15), police 

officers were significantly more likely to classify injuries as severe or fatal than hospital 

staff (p = 0.0005). In our dataset 75% of patients with a medically-determined critical 

injury also appear in police injury records (n = 277/367). However, more than three in 10 

nonfatal injuries with a critical ISS were missed (i.e., reported as non-severe) in police crash 

reports (sensitivity of police assessment 65%), and only one-quarter of nonfatal injuries that 

police rated as severe were confirmed as critical injuries by medical staff (27%) (Table 5). 

Conversely, for injury records with police severity available, there was high probability– 

86%– that sub-critical injuries treated by clinicians were also designated sub-severe by 

law enforcement staff (Table 5). Among linked records with ISS > 15 and a police officer 

assessment of severity, 73% (n = 202/277) of police assessments agree with the clinical 

severity determination (data not shown). Among hospital records of patients hospitalized for 

their injuries, half (48%, n = 920/1,928) linked to police reports; of that group, 71% (n = 

693/920) of police and hospital injury records agree in severity assessment (data not shown).

Geographic location of injury crashes was available for 70% of the total dataset (n = 

12,002). Injury location data were available for 98% of linked records and 95% of police 

and medical examiner-only records (4,324/4,415 and 6,607/6,988, respectively), compared 

to 18% (1071/5,808) of hospital and pre-hospital-only records. We found a disproportionate 

concentration of severe and fatal injuries on street lengths in Communities of Concern (47%, 

n = 5,588/12,002); just 31% of San Francisco streets are located in these areas where more 

vulnerable populations are concentrated (Kronenberg et al., 2019).

4. Discussion

In this pilot, we developed a probabilistically linked dataset with three years of injury data 

from multiple sources for county-level comprehensive transportation injury surveillance. 

Our linked dataset provides two types of evidence that linkage is preferable to single-

source injury surveillance data. First, a linked data system improves upon standard injury 

surveillance by guaranteeing inclusion of the most severely injured victims of collisions—

comprehensively captured by the trauma registry in San Francisco’s sole Level 1 Trauma 
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Center. Our sub-analyses confirm that this addition consists of an overlapping but distinct 

segment of the population relative to those captured in police collision reporting. Second, 

linkage leverages the relative strengths of each data source: injury severity classification 

using hospital data prioritizes highly predictive clinical assessment and systematically 

collected demographic data, whereas geographic location of injury is routinely collected 

in EMS and police– but not hospital– data (Baker et al., 1974; Senkowski & McKenney, 

1999). These advantages highlight the ongoing need for a formal coordinated surveillance 

system that integrates data from all relevant transportation-related injury data sources 

in San Francisco for more accurate and comprehensive surveillance of injuries. Such a 

system informs monitoring, evaluation and targeted initiatives to prevent death and mitigate 

morbidity from traffic collisions.

Linked records comprise 43% of all traffic-related hospital and prehospital injury records, 

and 61% of the pedestrian injury subset. Notably, we did not expect 100% linkage: 

populations represented in hospital and police records are partially distinct. By comparison, 

linkages from New York City considering all modes and a prior San Francisco pedestrian 

injury analysis report linkage rates of 52% and 60% of hospital records, respectively 

(Conderino et al., 2017; Sciortino et al., 2005). In contrast to these projects, our linkage 

employed the near-unique identifier of patient name, indicating that the modestly lower 

all-mode linkage rate and comparable pedestrian linkage rate of this project more likely 

result from limited overlap in the populations represented in police and hospital records in 

our sample than unsuccessful matching.

The “value-added” of performing linkage with medical records compared to standard 

surveillance is demonstrated by analysis of hospital records not reflected in police collision 

reports. That a full quarter of critically traffic-injured ZSFG patients (ISS > 15) were not 

reflected in police collision reports is cause for concern. Many jurisdictions committed 

to data-driven injury prevention rely solely upon police collision records for traffic injury 

surveillance, and our findings suggest they may be missing a substantial proportion of 

traffic-related injury incidence. Cyclists were particularly under-represented in police data. 

Rates of biking and cyclist fatalities have been increasing nationally (National Center for 

Statistics and Analysis, 2019). Our findings highlight the potential of local surveillance 

efforts to use hospital and ambulance data to improve capture of injury incidence and spatial 

patterns of injury—both critical to inform infrastructure improvements and injury prevention 

measures such as protected bike lanes. Recent efforts to add variables like the prehospital 

run sheet number to police reporting forms would help simplify and facilitate these types of 

initiatives to link police and hospital data for more comprehensive injury surveillance.

Injury severity significantly predicts linkage. Our data support that the more severe the 

injury, the higher the likelihood that a police officer is summoned to the scene or that a 

patient receives ZSFG care for their injury: both are required for linkage. In the logistic 

regression model adjusting for injury severity, linkage odds according to travel mode shift 

meaningfully (Table 3). For example, unadjusted motorcycle injuries showed 90% odds of 

linkage relative to pedestrians. However controlling for severity, motorcycle injuries had just 

two-thirds the odds of linking across datasets relative to pedestrian injuries. This downward 

shift indicates that the modal linkage rate is driven not by comprehensive reporting but 
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severity: relative to other modes, motorcycle collisions often occur at high speed, resulting 

in more severe injuries. In the reverse direction, motor-vehicle occupant odds of linkage 

rose from 31% to 53% after controlling for severity. Motor-vehicle occupants form the 

largest group of records and may reflect more comprehensive reporting of even minor 

injuries in the mode to police. Vehicle insurance company requirements for police reports 

to accompany medical and property damage reimbursement claims potentially contribute to 

this phenomenon.

CDC’s Linking Information for Nonfatal Crash Surveillance (LINCS) guide reports only 

19 U.S. state-level linkage programs as of 2017— pointing to both untapped demand 

for such data as well as the logistic complexity of conducting such projects (Centers for 

Disease Control and Prevention, 2019). Our linkage was aided by the availability of personal 

identifiers to which other prominent linkage projects have historically had limited or no 

access: specifically name, date of birth, and record identification numbers (e.g. prehospital 

run sheet number) (California Department of Public Health, 2017; Centers for Disease 

Control and Prevention, 2019; Cherry et al., 2018; Conderino et al., 2017). For instance, 

while there is a statewide crash injury probabilistic linkage underway in California that 

employs the same software, California’s Crash Medical Outcomes Data (CMOD) project has 

not had access to first and last names as match variables which can increase the likelihood 

of missing a match when one exists (California Department of Public Health, 2017). In 

addition, CMOD does not capture data on injury severity and also limits the geographic 

information available for crashes to multi-county regions of the state (California Department 

of Public Health, 2017), while the geocoded, intersection-level crash data available from the 

majority of records in our data has utility for informing specific engineering improvements 

to intersections and streets.

EMS data are a valuable supplement to unlinked hospital records because they provide a 

geographic location of injury. Our linkage associated 18% of unlinked hospital records with 

geographic crash location via EMS records, enabling geospatial visualization of severe and 

critical injury crash locations that would have been missed using police collision report data 

alone. Mapped patterns of traffic injury are particularly helpful for informing interventions 

by traffic engineers, infrastructure prioritization, and education and enforcement efforts.

Many factors contribute to the possibility of a hospital injury record not matching to a 

police record. At least four factors may affect police record availability. First, we chose to 

include police collision reports where an officer physically went to the injury location, and 

exclude injuries reported at a police station after the fact. This decision ensured records 

reflect verified crash-related injuries, and may have improved the linkage rate (assuming 

injuries with delayed reporting to police were on balance less severe, and less likely to 

receive medical care). Some of these “counter reports” might have linked with a hospital 

injury record if included. Second, SFPD’s purview and current Vision Zero San Francisco 

efforts exclude freeways, which fall under California state jurisdiction. Injuries sustained 

on city freeways are reported to the California Highway Patrol rather than SFPD. As a 

result, collisions occurring on freeways in San Francisco do not appear in local police data, 

and cannot link to a hospital record of a person injured on the freeway and not otherwise 

excluded based on freeway location in EMS transport data, potentially lowering the linkage 
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rate. For context, California Highway Patrol recorded 735 severe and fatal transportation 

injuries San Francisco freeways over the linkage period, some of which may be represented 

among the 5,808 unlinked hospital records (Transportation Injury Mapping System, 2022). 

Thirdly, injuries not involving motor vehicles– such as solo cyclist crashes– are less likely 

to have associated collision reports, reducing the linkage rate. Finally, communities or 

individuals who experience fear, discomfort, or mistrust interacting with police may be less 

likely to file a police report when severely injured– likely a phenomenon of disproportionate 

relevance to communities of color and immigrant communities due to well-documented 

issues of bias in policing (Knowles et al., 1999; Wu et al., 2013). Unlinked hospital 

records reflect 60% non-white patients relative to 55% of people represented in unlinked 

police injury records, supporting the possibility that traffic injuries to people of color are 

underreported in our police collision report data (Table 4, p < 0.0001), potentially limiting 

the linkage rate.

Discrepancies in race and ethnicity demographic information between data sources highlight 

the different operational purposes of the data systems from which they are sourced. An 

injured person is often given the opportunity to self-identify their race and ethnicity in the 

hospital data system (or might have this information on file in the health record), whereas 

police officers make a subjective race/ethnicity determination for collision reports. This fact 

may explain why ethnicity designation sometimes varied significantly between police and 

hospital injury records referring to the same sample of people, and highlights the benefit of 

increased demographic accuracy within linked data.

While our linkage uses regularly-collected operational data, neither police nor hospital 

records’ primary purpose is injury surveillance. Police collision data include vital 

information regarding crash circumstances and assign “fault” to parties based on vehicle 

code violations; however injury severity designations are limited to four levels: fatal, severe, 

other visible injury, and complaint of pain (State of California Department of California 

Highway Patrol, 2011). Hospital data are a rich source for patient injury level data, including 

diagnoses, days hospitalized, discharge disposition, and billing information (including 

important demographic data), yet lack information about injury location and cause of 

the collision resulting in injury. Prior local analysis indicates that police injury severity 

designations of severe and visible tend to underestimate the level of injury, and police report 

misclassification of injury level relative to objective measures is widely documented (San 

Francisco Department of Public Health, 2017; Amoros et. al., 2007; McDonald et al., 2009; 

Tsui et al., 2009; Ferenchak & Osofsky, 2022). Incomplete or inaccurate data increase the 

potential of “false negatives” – where records representing the same person in different data 

sources fail to match. There is an opportunity to improve matching in future medical and 

crash data linkages by including a field for the prehospital run sheet number assigned during 

an ambulance trip in police collision reports. This modification was made in SFPD collision 

reporting forms following our linkage, and was subsequently provided as a recommendation 

to the Model Minimum Uniform Crash Criteria, which inform law enforcement collision 

data collection nationally.

One immediate practical application of this dataset in San Francisco was updating the 

spatial analysis underlying the Vision Zero High Injury Network (HIN) – a subset of 
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city streets on which severe and fatal crashes are disproportionately concentrated. This 

analysis is a critical tool, informing millions of dollars of capital investments in engineering 

infrastructure with a focus on pedestrian and cyclist improvements. It has also informed 

policy on emerging technologies, including where sidewalk delivery robots may pilot in 

San Francisco (San Francisco Department of Public Works, 2017). The HIN is publicly 

accessible alongside a rich database of street features and other environmental variables 

at TransBase.sfgov.org. The updated HIN utilizing the subset of linked severe and fatal 

injury data with geographic location of crashes now ensures that vulnerable road users and 

spatial locations not previously captured in police-only data analyses inform targeted safety 

improvements by the city (Kronenberg et al., 2019; San Francisco Department of Public 

Health, Program on Health, Equity and Sustainability, 2017). While this application of the 

data is a notable improvement, it is also still limited by a lack of injury location data for 

people reflected only in hospital records and not transported by ambulance. Opportunities 

to add injury location data to hospital records for people not transported by ambulance–

potentially through addition of a field for self-reported crash location to electronic health 

records– would significantly improve the utility of these data for targeted local prevention 

efforts.

This project faces several limitations. First, the linkage focuses on ZSFG trauma data in 

order to capture the most severe traffic-related injuries. While we included Emergency 

Department injury data from ZSFG there are a host of San Francisco EDs not represented 

in our injury data where less severe traffic injuries may have been treated. As a result, our 

data do not estimate the true incidence of transportation injury occurring on the streets of 

San Francisco and cannot be generalized to other populations. Second, probabilistic linkage 

software operates based on record match weights calibrated from variables designated as 

important, but lacks an objective criterion against which to quantify the validity of the linked 

dataset. Finally, because injury surveillance is not the primary purpose of component data 

sources, there is potential misclassification of travel mode in both hospital and police data–

particularly for relatively less-employed travel modes such as cycling and motorcycling.

Our linkage work motivates several next steps. Locally we have extended the three-year pilot 

of transportation injury data to ongoing practice, with a 2016–2019 linkage forthcoming 

and–key for longevity– regular institutional funding identified to staff this work. Future 

research opportunities include in-depth analysis of freeway injuries, and analyses of 

subsets of the linked data such as patterns of traffic injury to people severely injured, 

people with disabilities, or people experiencing homelessness. Linked datasets can provide 

particular insight to the effects of substance-involved driving and the economic burden 

of traffic injuries, especially with further accumulation of longitudinal data. There is 

potential to integrate novel data streams into injury surveillance, including those emerging 

from technology applications employed by road users and GPS- and wireless connectivity-

equipped vehicles. In summary, we found that incorporating hospital data into police 

report-based surveillance adds information on populations empirically vulnerable to injury 

yet missing police collision reports, improves assessment of injury severity, and can be 

harnessed to better inform and target interventions addressing the needs of vulnerable 

populations– including cyclists– in support of injury and fatality prevention efforts. This 

work holds increased value at the local level, especially in jurisdictions which that adopted 
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transportation fatality elimination goals and require reliable data to guide decision-making, 

track progress, and equitably allocate funding for injury prevention projects.
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Table A1

Transportation-related injury ICD-9-CM e-codes.

Unintentional External Cause e-Codes

Motor vehicle traffic E810–E819 (0.0–0.9)

Occupant E810–E819 (0.0–0.1)

Motorcyclist E810–E819 (0.2–0.3)

Pedal cyclist E810–E819 (0.6)

Pedestrian E810–E819 (0.7)

Unspecified E810–E819 (0.9)

Pedal cyclist, other E800–E807 (0.3); E820–E825 (0.6); E826.1,0.9; E827–E829 (0.1)

Pedestrian, other E800–E807 (0.2); E820–E825 (0.7); E826–E829 (0.0)

Abbreviations: ICD-9-CM International Classification of Diseases, Ninth Revision, Clinical Modification; e-codes 
External Cause of Injury Codes.
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Fig. 1. 
San Francisco’s Transportation-Related Injury Surveillance System (2013–2015): Data 

Source and Linkage Status by Transportation Mode.
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Table 1

Linkage match variables.

Variable Police Report Hospital Record

Date of Birth Date of birth Date of birth

Soundex of First Name
a First name First name

Soundex of Last Name
a Last name Last name

Sex
b Victim sex Patient sex

 Female

 Male

Date of Injury Collision date Arrival date to hospital

Road User type Mode taken from vehicle type Mode taken from ICD-9-CM codes

 Pedestrian

 Cyclist

 Motorcyclist

 Motor Vehicle Occupant

 Other mode/Unknown

Primary Road (compared to ‘primary road + secondary road’) Primary road Primary_Rd

Secondary Road (compared to ‘primary road + secondary road’) Secondary road Secondary_Rd

a
Soundex is a phonetic algorithm for indexing names by sound, as pronounced by Voice of America’s pronunciation guide (in our case with added 

latitude for pinyin spellings). Allows for matching despite variation in spelling.

b
At the time of linkage, our data sources were restricted to binary sex categories.
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Table 3

Crude and Adjusted Odds Ratios for Travel Mode Association with Linkage from Logistic Regression 

Analysis
a

Linkage, OR (95% CI)

Variable Crude Adjusted
a

Travel mode
b

 Cyclist 0.46 (0.41–0.51) 0.37 (0.32–0.42)

 Motorcyclist 0.90 (0.80–1.02) 0.67 (0.57–0.78)

 Motor Vehicle Occupant 0.31 (0.29–0.34) 0.53 (0.47–0.59)

 Other/Unknown 0.18 (0.13–0.24) 0.17 (0.13–0.23)

a
Adjusted for Injury Severity Category.

b
Reference group: Pedestrian; Abbreviations: OR Odds Ratio, CI Confidence Interval.
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