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Abstract 

Motor vehicle collisions (MVC) are responsible for billions of dollars in damages and 

medical expenses every year. In Arizona, information on the nature of the crash and 

resulting injuries are captured by two separate non-compatible databases, the Accident 

Location Identification Surveillance System (ALISS) and the Arizona State Trauma 

Registry (ASTR) managed independently by the Arizona Department of Transportation 

(ADOT) and the Arizona Department of Health Services (ADHS), respectively. The 

information contained within these two databases refers to a singular event.  

This internship had two goals, to probabilistically link the two databases and to look at 

the factors of a MVC that contribute to passengers being traumatically injured. The two 

databases were probabilistically linked utilizing age, gender, date and time as linking 

variables. 60.6% of the records in ASTR were successfully matched to ALISS reports. 

Logistic regression was used since the data was not measured over time and the outcome 

was binary; whether the persons involved in the MVC will suffer a traumatic injury or 

not. The exposure variables used were collision manner, estimated speed, seat belt usage, 

seat position and whether a person had to be extricated from their vehicle. The results 

showed that not wearing a seat belt and being extricated from a vehicle increases one’s 

risk of being traumatically injured. Not wearing a helmet increases the odds of a person 

on a motorcycle being injured when involved in a MVC. Injuries were classified into 6 

major categories head, face, chest, abdomen, extremity and external. It was shown that 
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regardless of collision type, external injuries were the most common injury type for those 

that were traumatically injured.  
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Background 
A study done in 2010 showed that motor vehicle collisions (MVCs) nationwide were 

responsible for nearly $100 billion in wage and productivity losses, medical expenses, 

administrative expenses, motor vehicle damage, and employer costs in 2005, the latest 

year that data was available.
1
 Arizona had losses of almost $2.7 billion in 2010 and 

almost $2.9 billion in 2011.
2,3

 Information on the nature of the crash and resulting injuries 

has been captured for years by law enforcement and public health agencies, respectively. 

Often times the two agencies maintain and manage their records in two separate non-

compatible databases.  

An initial study by the National Highway Traffic Safety Administration (NHTSA) found 

that crash data alone provided insufficient information on medical and financial outcomes 

of MVCs and led a push for states to develop Crash Data Outcome Evaluation Systems 

(CODES).
4
 Starting in 1992, NHTSA began funding states to conduct probabilistic 

linkages in order to better study patient outcomes in relation to motor vehicle crashes.
5
 

Previously with funding from the NHTSA and CODES, Arizona linked MVC reports 

with hospital discharge and emergency department records.
6
  

Probabilistic linkage has become an increasingly prevalent tool to link two separate but 

related data files. By combining two separate data files, one is able to obtain more 

information about a singular event.  Probabilistic linkage works by comparing variables 

that are common in both databases. The linking procedure is most successful when there 

are variables present that uniquely differentiate one individual from another, such as 

name, Social Security number or date of birth. More general variables, such as age and 
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gender may also be used. 
7
 The relative success of the linking procedure is dependent 

upon the uniqueness of the variables being used and also on the number of errors present 

in the data fields. If insufficient information is present, the probabilistic linkage will 

result in linking errors. These errors may result in the prevalence of the event under 

investigation to be overestimated or underestimated. 
8
 Because of the Health Insurance 

Portability and Accountability Act (HIPAA) of 1996, as amended, access to unique 

identifiers such as names may be restricted. It is possible that enough unique information 

may be present in the database without the addition of names to confidently link the two 

records.  

The goal is to merge a database of traffic-related crashes with the record of Emergency 

Medical Services (EMS) and trauma care. The former is managed by the Arizona 

Department of Transportation (ADOT) and the latter is managed by the Bureau of EMS 

and Trauma Systems (BEMSTS) within the Arizona Department of Health Services 

(ADHS).  The two databases contain records referring to singular events. By establishing 

a method to link specific data elements of the two databases, the two agencies will be 

able to study MVCs where injuries or loss of life have occurred and identify new 

associations between the data that will prompt better or new preventative measures and 

treatment modalities that help reduce mortality and morbidity. This linkage may also 

provide measureable data to support new or revisions of state and/or local highway safety 

laws.  
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Part 1: Probabilistic Linkage of the Arizona State Trauma Registry 

(ASTR) and the Accident Location Identification Surveillance 

System (ALISS) 

Introduction 
In calendar years 2010 and 2011 more than 580,000 individuals occupying 406,789 

vehicles involved in 210,382 crashes were reported to ADOT as crash reports. These 

crash reports generate a database called the Accident Location Identification Surveillance 

System (ALISS). Of the 580,000 individuals involved in MVCs, only 129,761 were 

documented as having a possible injury. These injured individuals were in 107,328 

vehicles involved in 85,623 crashes.   

In order to have accurate and consistent linkage with the Arizona State Trauma Registry 

(ASTR), the completeness and accuracy of the ALISS database are important.  Law 

enforcement officers complete the Arizona Crash Report (ACR), which is then submitted 

to ADOT for entry into the ALISS database. The 170 data elements entered into the 

ALISS database are only a sample of what is included on the ACR. However, unique 

identifiers such as name or driver license number are not input into the database. Birth 

dates are input but the output only provides the age in years.  

After a MVC occurs, a 911 call is placed and law enforcement and potentially EMS are 

dispatched to the scene. Any accident occurring on public roads where a police report is 

completed is entered into the ALISS database. Information on the crash is collected at the 

crash scene on the Arizona Crash Report (ACR) (Appendix 1). The ACR contains 

information about crash victim demographics, information on whether injuries are 
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involved, information about the vehicles and the nature of the collision. The ACR is a 

paper form that is manually entered into ALISS by ADOT staff, with the exception of 

ACRs submitted by the Arizona Department of Public Safety (DPS), which are submitted 

electronically to the ALISS database.  

If EMS is not initially sent to the scene, they may still be called if after arrival law 

enforcement deems their response necessary. EMS assesses and treats any occupants of 

the vehicles who are injured. Medically-related details about injured persons are 

documented on a patient care report (PCR) by EMS crews at the crash scene. Individuals 

qualifying as major trauma patients due to the severity of injuries and/or the nature of the 

crash (e.g., rollover, compartment intrusion of 12 inches or greater) are transported by 

EMS to a state trauma center. 

The trauma center emergency department (ED) generates a separate trauma record 

documenting patient medical history, injuries sustained in the crash, treatment 

administered and vital signs obtained by paramedics on scene, test results, treatment, and 

final outcome. Trauma center registrars enter trauma data into their respective hospital’s 

trauma registry. These trauma records are subsequently transmitted electronically to the 

ASTR on a quarterly basis.  

To qualify for entry into the ASTR, individuals must meet inclusion criteria specified in 

Title 9, Ch.25, Article 14, § R9-25-1402(A) of the Arizona Administrative Code 

(A.A.C.). The ASTR captures all persons that enter the emergency department that meet 

the inclusion criteria regardless of mechanism of injury.  
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To best facilitate matching, only ASTR records that indicate a motor vehicle incident as 

the mechanism of injury were selected. This resulted in 23,787 records for 2010 and 2011 

combined.  The ASTR captures a large number of fields and only those fields of interest 

were selected. Unlike ALISS, names and dates of birth are recorded for all trauma 

patients in the ASTR. Due to the limitations on the unique identifiers from the crash data, 

these unique identifiers were not included in the data set.  
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Methods  
There are two methods that can be employed when trying to match records within two 

different databases, deterministic and probabilistic. In order to use deterministic, a 

verifiable unique identifier must be available for every record.
9
 Probabilistic matching, 

however, is utilized when a unique identifier is not available or when the reliability of a 

unique identifier is not well recorded. In the case of the ALISS and ASTR databases, 

there is only a unique identifier present in the latter; therefore deterministic matching is 

not currently an option.  

In order to utilize probabilistic matching, it was necessary to determine the variables that 

would be used to match the records, the probability weights of those matches and 

ultimately the linkage decision. To facilitate the speed of the matching, variables were 

selected as blocking variables so that pairs of records had an initial amount of similarity 

before determining the probability of a match. Given the limited number of common 

fields, the two records were blocked on age and gender. In order to allow for some errors 

in recording, multiple passes were made using each blocking variable. This was to 

minimize the number of true links that may have gone unmatched.  

In order to determine if the record pairs represent a match, it is necessary to calculate the 

probability weights based on the founding principles of frequency ratios.
10

 These scores 

are calculated via a computer algorithm, in this case by the Centers for Disease Control 

and Prevention (CDC) program Link Plus. Each variable designated as a part of the 

matching algorithm is given a weighted score that represents the probability that the 

records belong to the same person. This is achieved through the ‘m probability’ and the 
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‘u probability’. The ‘m probability’ is a measure of the probability that an identifying 

variable will agree for a pair of records that truly belong to the same person. The 

probability that a variable will randomly match across two records is called the ‘u 

probability’ and is based on the prevalence of a value in each variable.  

A variety of positive and negative scores will be obtained from the varying levels of 

agreement and disagreement across two records. The set of weights for a record is 

summed to give an overall weight for the record pairing. This ‘score’ is used to determine 

whether or not the records represent a link or a non-link. The distribution of the 

probability weights is normally bimodal.
11

 The first peak reflects pairings that reflect 

incorrect matches while the second peak reflects correct matches. The space between the 

two peaks is a grey area containing matches and non-matches that need to be manually 

reviewed to determine their true identity. Manual review is necessary in order to 

determine the cut off weights for matches and non matches. The goal of the cut off points 

is to maximize sensitivity and specificity.  

After utilizing Link Plus to calculate the ‘m’ and ‘u’ probabilities and the weighted 

scores, all other data manipulations were done using SAS 9.3 (SAS Institute Inc., Cary, 

NC). 
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Results  
The ALISS and the ASTR databases were matched on date of incident, age, gender and 

hour of injury utilizing Link Plus. There were a number of records from each data set that 

were missing variables. (Table 1)  A disagreement because of a missing score resulted in 

a weighted score of zero for that variable as opposed to a positive score for a match and a 

negative score for a mismatch. A plot of the weighted scores for all linked pairs follows 

the previously described distribution of a probabilistic match with two peaks. (Figure 1) 

There is a large peak at 9.6 and a smaller peak at 11.9.  The cut point for matches was set 

at 11.8 because there were no scores between 11.1and 11.7. This resulted in 10,982 

records being linked. These records were manually checked for accuracy. Of the 10,982 

records, 729 records were considered non-matches because the dates did not match on 

year. This left 10,253 records as linked, matched pairs before de-duplication.  

The remaining 12,805 unlinked records were analyzed for additional probable matches as 

a result of the high number of missing variables throughout both data sets. There is also 

the possibility of the hour of injury may be slightly skewed as a result of travel time for 

the scene of the accident to the admitting trauma center. Therefore a ± 1 hour buffer was 

allowed as match for the hour of injury. For records that were below the 11.8 cutoff, 

records that were considered unlinked but had a missing age, gender or time variable in 

the pair, they were considered matches. This resulted in an additional 4,967 records being 

considered matches. 

Overall 15,220 pairs of records were matched. After de-duplicating the matches, retaining 

the match with the higher weighted score, the final number of matched pairs was 14,412.  
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(Table 2) This represents 60.6% of the trauma records that indicated motor vehicle 

incident as the mechanism of injury. These results yield a positive predictive value (PPV) 

of 91.6% while the negative predictive value (NPV) is 66%. The specificity of the 

matching definitions is 90.2% while the sensitivity of the methodology in this case is 

69.8%.  

Table 1: Percent Missing 

 ALISS (N=129,761) ASTR (N=23,787) 

Date 0 (0%) 0 (0%) 

Age 13,462 (10.4%) 1 (<0.001%) 

Gender 14,005 (10.8%) 0 (0%) 

Hour of Injury  33,191 (25.6%) 7,101 (29.9%) 

Table 2: Number of Matches and Non-Matches 

 Matches Non Matches 

Linked 10,060 922 

Unlinked 4,352 8,453 

Total 14,412 9,375 

 

Figure 1: Distribution of Scores  
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Discussion 
Ideally, all trauma patients injured in motor vehicle incidents would be successfully 

matched to a crash report. The lack of unique identifiers in the crash data makes this a 

difficult goal to achieve. The specificity and the sensitivity of the matching are fairly high 

representing a successful matching schematic. However without unique identifiers such 

as names or date of birth, confidence in the accuracy of the matching is not high. The 

addition of a unique identifier is needed to fully validate the linkage. At present, names 

are physically recorded on the ACR but are not input into the ALISS database. Birth 

dates are entered but only the age is reported back out. Both of these fields would allow 

for matching at a higher efficiency and confidence. These fields are currently not 

available in ALISS because of confidentiality laws.  

Merging crash records (ALISS) with the trauma records (ASTR), the respective start and 

end points of a particular crash incident, is a shared goal of ADHS and ADOT. The 

middle point in a crash incident is the EMS agency creating a PCR and transporting the 

injured from the crash site to a hospital for treatment. By adding EMS PCR information 

to the merged files, it may be possible to fill in the gaps of missing information and allow 

for more complete records. All trauma records indicate the reporting facility. In the 

ALISS database, there is a “transported to” field. This field is either missing data or 

incorrectly populated. Previously, it was instructed that this field was to be completed 

with the facility ID. This initiative has not been consistently followed, resulting in this 

field containing names and addresses in addition to facility ID. By improving the data 

entry consistency and accuracy of the transport to field, an additional field may be added 
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to the linkage that may improve the number of records linked together. (A more detailed 

look at missing data from ALISS is provided in Appendix II.) 
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Part 2: Trauma causing crashes versus non-trauma causing crashes 

Introduction  
By linking the records contained in the Accident Location Identification Surveillance 

System (ALISS) managed by the Arizona Department of Transportation (ADOT) with 

the records maintained in the Arizona State Trauma Registry (ASTR) managed by the 

Bureau of Emergency Medical Services and Trauma Systems (BEMSTS) within the 

Arizona Department of Health Services (ADHS) more information is available on the 

nature of motor vehicle collisions (MVC) and safety devices utilized by the MVC 

occupants injured severely enough to qualify for inclusion in the ASTR. This study is a 

first look at the differences between crashes in Arizona that result in injuries qualifying as 

major trauma and crashes that do not. This project independently looks at such crashes 

for both persons in passenger vehicles and those on motorcycles. The types of injuries by 

manner of collision were also calculated.  
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Methods 

Data Collection 

The data for this analysis came from ALISS and the ASTR, individually managed by 

ADOT and BEMSTS, respectively, and were probabilistically linked and met inclusion 

criteria as described previously in the introduction section of part I. Only those records 

missing important values for the variables of interest were excluded from this study. For 

the purposes of this report, “traumas” refer to individuals with records that were matched 

across the two databases, and “non-traumas” refer to individuals who were not injured in 

the crash or did not sustain injuries severe enough to qualify for ASTR inclusion.  

Statistical Analysis 

The statistical analysis was done using SAS 9.3. Exposure variables of interest were 

manner of collision, safety devices used, and estimated speed at the time of the incident. 

The manner of collision was organized into 11 different categories. Due to the small 

number of “rear-to–side” and “rear-to–rear” accidents, these categories were combined. 

A number of accidents that were already categorized as “Other,” and along with the 

ambiguity present in the actual chain of events, were combined with “unknown manner 

of collision” to minimize the number of records omitted from the model. Safety devices 

documented as being used included seat belts, car seats, helmets and airbags. Estimated 

speed was measured in miles per hour and reported on the ACR if available. A log 

transformation of the estimated speed was used to normalize the data distribution. 

Potential confounders assessed were age and gender, with age measured in years.  
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Missing Data 

As previously noted, missing data was a problem in matching the ASTR and ALISS 

databases. It presented a further issue in attempting to form a predictive model. To 

prevent loss of observations from the predictive model, missing information for age, 

speed, and seatbelt usage was imputed. These variables were determined to be missing at 

random. Age was imputed with the average age based upon seat position. Speed was 

similarly imputed using the average reported speed for traumas and non-traumas, 

respectively. If seatbelt usage was not reported, it was assumed that the individual was 

not wearing their seatbelt. From the information that was provided in ALISS, 81.2% of 

individuals were reported to have been wearing a seatbelt. This value is consistent with 

data available for the state of Arizona show that a seatbelt usage percentage of 

approximately 82% for years 2010 and 2011.
12

 Seat position and gender also had missing 

information, and were left as missing because there was no way to determine where in the 

vehicle the individual was sitting at the time of the incident or their gender.  

Only crashes that occur on public roads are entered into the database, which may lead to 

an underreporting of the number of persons involved and potentially injured in crashes. If 

law enforcement is not called to the scene of minor accidents then there is no record of 

this accident occurring. Seatbelt usage is often self-reported so there is potential for that 

percentage to be higher than reality.
13

 

In looking at the subset of crashes involving motorcycles 30% of individuals had a safety 

device documented as “not applicable.” This makes it impossible to ascertain if the 

individual was wearing a helmet or not. For this reason, these individuals were excluded 
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from the model. It is interesting to note that the 2,115 records missing a documentation of 

helmet use or non-use were all for cases that did not result in a trauma. This is in contrast 

to other variables that have missing data as they have a similar number of missing 

records. 

ROC Curves 

Receiver Operating Characteristic (ROC) curves measure the accuracy of a test to 

discriminate “diseased” cases from “normal” cases, which in this case is the ability to 

discriminate persons with injuries from MVC that qualify as a trauma from those that 

were not traumas. There will not be perfect separation between these two groups. Based 

on the available characteristics, there will be some individuals who are classified as 

traumas that will be predicted to have not suffered a trauma; this population makes up the 

false negative fraction of the population (over-triage). Likewise, persons who did not 

suffer a trauma but are characterized to have suffered a traumatic injury are the false 

negative cases (under-triage).  

Sensitivity is calculated as the number of true positives over the sum of the true positives 

and false negatives. Specificity is the number of true negatives over the sum of true 

negatives and false positives.  

The ROC curve is a plot of the false positive rate (1-specificity) and the true positive rate 

(sensitivity). A test with perfect prediction will have a curve that passes through the 

upper left corner of the plot. The area under the curve indicates the diagnostic 

discrimination of the test. If the area under the curve is 0.5, the curve will lie directly on 
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the diagonal and indicates random predictions.  It is generally accepted that an area under 

the curve of greater than 0.8 is valuable in predicting the responses of the individual 

subjects.
14

 

Limitations 

There are a number of limitations within the data. According to the ASTR, there were 

23,787 patient records which indicated motor vehicle accident as the mechanism of 

injury. Of these only 14,412 were matched to their respective crash records. This leaves 

9,375 records potentially incorrectly classified as non-trauma. These unmatched records 

probably do not exert a strong influence on the ratios as the number of non-trauma cases 

is over 500,000. This number of unmatched records from the trauma registry will 

hopefully decrease in the future as access to unique identifiers becomes available from 

ALISS.  

Airbag deployment has been shown to decrease the number of MVC mortalities.
15

 There 

have been conflicting studies done on whether airbags are responsible for an increase in 

risk of upper and lower extremity injuries when airbags deploy.
16

 The increased presence 

of injuries has been shown in lab tests to be a result of the transfer of energy that occurs 

during collisions.
17

 Studies have also found that the lack of seatbelt usage with airbag 

deployment is a contributing factor to injuries sustained in a crash.
15

Airbag deployment is 

noted in both the ALISS and the ASTR, but is not well populated in either database. The 

information on airbag deployment from the ALISS and the ASTR are independently 

shown in Table 3. In cross referencing the airbag field in both databases, it is possible to 

fill in some of the missing information on airbag use but this is only for trauma patients 
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which make up a small subset of the entire data set.  Without reliable data from either 

source, it is impossible to include this as a predictor of trauma incidence or use it in 

looking at trauma severity.  

Table 3: Airbag Usage (Front Row Passengers Only, N=496,059) 

 Total Trauma (N=9,963) 
Non-Trauma 

(N=486,096) 

Not Applicable 22,252 (4.5%) 319 (3.2%) 21,933 (4.5%) 

Not Deployed 101,444 (20.5) 1,072 (10.8) 100,372 (20.7) 

Deployed 27,249 (5.5) 2,098 (21.1) 25,151 (5.2) 

Unknown 345,114 (69.6) 6,474 (65.0) 338,640 (69.7) 

 

Another important factor that may contribute to car crashes and in turn injuries sustained 

is drug and alcohol use. It is possible to cross reference this information for the records 

that were successfully matched as it is reported from both data sources. It is better 

detailed in the ASTR as trauma physicians have the time and capability to accurately test 

for usage. In looking at drivers, only 263 of the 9,382 drivers with injuries meeting ASTR 

inclusion criteria were noted as being suspected of alcohol use on the ACR. From the 

ASTR, 1,354 drivers were reported as having alcohol limits above Arizona’s legal limit. 

This apparent discrepancy carries over to drug use, as only 224 drivers were suspected of 

drug use from the crash data when 1,207 tested positive for some form of legal or illegal 

substance. (Table 4)  Given that the apparent alcohol and drug use levels are poorly 

reported in the crash data when cross referenced with the trauma data, this information is 

excluded from any potential predictive model.  
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Table 4: Drug and Alcohol Use (Drivers Only , N=9,382) 

Alcohol use  Drug Use   

Suspected from 

ALISS 

263 (2.8%) Suspected from ALISS  224 (2.4%) 

Confirmed Above 

Legal Limit  from 

ASTR: 

 

1,354 (14.4) 

From ASTR: 

Confirmed Legal use: 

Confirmed Legal and Illegal use: 

Confirmed Illegal use: 

 

164 

113 

930 

Total 1207(12.9)  
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Results  
Demographic information for all persons entered into the ALISS regardless of injury 

status is provided in Table 5. The continuous variables such as age and estimated speed 

are given with their means and standard deviations. Estimated speed is highly skewed and 

a log transformation was used to help normalize the data.  

Table 5: Variables Characteristics (N=580,561) 

 Mean ± SD 

Age 34.9 ± 18.6 

Estimated Speed 18.8 ± 18.9 

Log(Estimated Speed) 2.17 ± 1.55 

 Number (Percent) 

Gender  

Male 296,596 (51.1%) 

Female 260,783 (44.9) 

Missing 37,594 (6.5) 

Seat Belt  

Yes 471,240 (81.2) 

No  18,806 (3.2) 

Missing  90,605(15.6) 

Seat Position  

Driver 381,422 (65.7) 

Front Row Other 91,314 (15.7) 

2nd Row 63,701 (11.0) 

3rd Row 7,047 (1.2) 

External 189(0.03) 

Missing  36,978 (6.4) 

Extraction  

Yes 5,815 (1.0) 

No  574,836 (99.0) 

Collision Manner  

Single Vehicle 55,031 (9.5) 

Angle 92,003(15.8) 

Left Turn 61,698 (10.6) 

Rear End 247,124 (42.6) 

Head on  10,435 (1.8) 

Sideswipe same direction 71,790 (12.4) 

Sideswipe opposite 

direction 
8,008 (1.4) 
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 Mean ± SD 

Rear to Side/ Rear to 

Rear 
7,526 (1.3) 

Other 21,975 (3.8) 

Missing  5,061(0.87) 

Car Seat  

Yes 21,382 (3.7) 

No  559,269 (96.3) 

Motorcycle  

Yes  7,045 (1.2) 

No 573,516 (98.8) 

Helmet (Motorcycle Only)  

Yes 2,924 (41.5) 

No 4,120 (58.5) 

 

Table 6 is the same demographic information stratified by trauma after removing 

individuals involved in MVC but not within an automobile. The removals include 

motorcycle drivers and their passengers, individuals on bikes and pedestrians who may 

have been injured in the course of the MVC. Figure 2 shows the percentages of trauma 

versus non-trauma by collision type. There are visible differences in the outcomes based 

on collision manner. Each categorical variable was tested using a Chi-square test while 

the means of the two continuous variables were tested using a two sample independent t-

test. Both tests were done to check for a statistically significant difference between the 

two groups. There was a statistically significant difference between the two groups for all 

variables included in Table 6. These variables were carried forward into the model. 

Previous research into car accidents has shown that there is interaction between seatbelt 

usage and gender and also an interaction between seatbelt usage and seat position.
13

 

Because both pieces of the potential interaction term are significant they will be tested in 
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the model. The interaction between seatbelt usage and seat position was not statistically 

significant so it was excluded. The odds ratios for Model 1 are shown in Table 7.  

Table 6: Variable Characteristics by Outcome for Persons in Motor Vehicles at the Time of 

Accident 

 Total Trauma Non-Trauma P-value 

N  566,559 11,185 (2.0%) 555,374 (98%)  

Age 35.05 ± 18.7 36.98 ± 20.3 35.01 ± 18.7 <0.0001 

Estimated Speed 18.96 ± 18.9 28.21 ± 23.2 18.78 ± 18.8  

Log(Estimated Speed) 2.09 ± 1.57 2.52 ± 1.7 2.08 ± 1.6 <0.0001 

Gender       
Chi-Square Test 

p-value 

Male 285,801 5,575 (49.84) 280,226 (50.5) 
<0.0001 

Female 257,700 5,610 (50.16) 252,090 (45.4) 

Seat Belt        

Yes 471,085 7,688 (68.7) 463,397 (84.4) 
<0.0001 

No  15,180 1,613 (14.4) 13,567 (2.4) 

Seat Position        

Driver 394,060 7,661 (68.5) 386,399 (69.6) 

<0.0001 

Front Row Other 91,180 2,098 (18.8) 89,082 (16.0) 

2nd Row 63,357 1,068 (9.5) 62,289 (11.2) 

3rd Row 7,027 143 (1.3) 6,884 (1.2) 

External 116 11 (0.1) 105 (0.02) 

Extraction        

Yes 5,755 1,152 (10.3) 4,603 (0.8) 
<0.0001 

No  560,804 10,033 (89.7) 550,771 (99.2) 

Collision Manner        

Single Vehicle 52,045 2,871 (25.7) 49,174 (8.85) 

<0.0001 

Angle 88,605 2,263 (20.2) 86,342 (15.6) 

Left Turn 60,573 1,756 (15.7) 58,817 (10.6) 

Rear-end 245,519 2,645 (23.7) 242,874 (43.7) 

Head-on  10,061 645 (5.8) 9,416 (1.7) 

Sideswipe same direction 70,856 474 (4.2) 70,382 (12.7) 

Sideswipe opposite 

direction 
7,796 150 (1.3) 7,646 (1.4) 

Rear to Side/ Rear to 

Rear 
7,459 38 (0.3) 7,421 (1.3) 

Other/Missing 23,645 343 (3.1) 23,302 (4.2) 

Car Seat         

Yes 21,374 259 (2.3) 21,115 (3.8) 
<0.0001 

No  545,185 10,926 (97.7) 534,259 (96.2) 
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Figure 2: Trauma vs Non-Trauma by Collision Manner   

 

As seen in Table 7, the odds of an individual suffering a traumatic injury in a car crash 

are 8.4 times higher if they have to be extricated from the vehicle by EMS or law 

enforcement. Extraction indicates that the accident occurred with significant forces to 

either seriously damage the frame of the vehicle or that the injuries sustained are such 

that the person cannot exit the vehicle under their own power. In comparison to rear-end 

collisions, persons traveling in vehicles that are sideswiped from the same direction in 

which they are traveling and those that are involved in rear-to-rear or rear-to-side 

accidents are less likely to suffer traumatic injuries. Logically this makes sense as forces 

are traveling in the same direction in the sideswipe incident and the majority of rear-to-

rear and rear-to-side accidents occur at low rates of speed. The odds of a person suffering 
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a traumatic injury when failing to wear a seatbelt or be restrained in a car seat is 3.98 

times higher than when one is properly restrained.  An ROC curve was used to test the 

goodness of fit for the model (Figure 3). The area under the curve for Model 1 is 0.7523. 

This shows that this model is good but does not quite reach the accepted value of 0.8 for 

a good predictive model.  

Table 7: Logistic Regression Model 1 

 Odds Ratio 

95% Wald 

Confidence 

Limits 

P-value 

Age 1.007 (1.006, 1.008) <0.0001 

Log(Estimated Speed) 1.095 (1.079, 1.110) <0.0001 

Gender    

Male 1.000 Reference  

Female 1.297 (1.239, 1.357) 0.0004 

Seat Restraint (Belt or Carseat)    

Yes 1.000 Reference  

No  3.984 (3.703, 4.288) <0.0001 

Seat Position    

Driver 1.000 Reference  

Front Row Other 1.079 (1.025, 1.135) 0.0034 

2nd Row 0.911 (0.851, 0.979) 0.0107 

3rd Row 1.056 (0.892, 1.259) 0.5093 

External 1.281 (0.678, 2.429) 0.4429 

Extraction    

No 1.000 Reference  

Yes  8.667 (8.057, 9.327) <0.0001 

Collision Manner    

Rear-End 1.00 Reference  

Single Vehicle 3.631 (3.419, 3.846) <0.0001 

Angle 2.029 (1.913, 2.152) <0.0001 

Left Turn 2.396 (2.251, 2.553) <0.0001 

Head-on  4.705 (4.285, 5.167) <0.0001 

Sideswipe same direction 0.566 (0.512, 0.626) <0.0001 

Sideswipe opposite direction 1.586 (1.339, 1.879) <0.0001 

Rear to Side/ Rear to Rear 0.428 (0.307, 0.596) <0.0001 

Other/Unknown 1.250 (1.113, 1.404) 0.0002 

Gender*Seat Restraint  0.886 (0.810, 0.969) 0.0083 

(33,499 omitted for missing gender and/or seat position- 5.9%)   
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Motorcycles prove to be a unique set of motor vehicle accidents. These incidents are 

often looked at separately due to the unique nature of the safety devices utilized and 

disproportionate amount of injuries and fatalities that result.
18

 The demographic 

information of this sub-population is given in Table 8, both as a whole and stratified by 

injury outcome. Similar to Table 6, the variables were tested using t-tests (continuous 

variables) and chi-square tests (categorical variables). Unlike the first model, gender does 

not differ significantly by trauma outcome and is not included in the model. The odds 

ratios for Model 2 are shown in Table 9.  

Table 8: Variable Characteristics by Outcome for Persons on Motorcycles at the Time of 

Accident 

 Total Trauma Non-Trauma P-value 

N 7,045 1,734 (24.6%) 5,311 (75.4%)  

Age 39.65 ± 15.8 41.36 ± 15.4 39.09 ± 15.9 <0.0001 

Log(est. speed) 2.65 ± 1.4 2.91 ± 1.4 2.57 ± 1.4 <0.0001 

Gender (101 missing) 

   

Chi-Square 

Test 

P-value 

Male 5,890 1,487 (85.8) 4,403 (82.9) 
0.2108 

Female  1,054 247 (14.2) 807 (15.2) 

Helmet     

Yes 2,924 693 (53.1) 2,231 (61.5) 
<0.0001 

No 2,006 611 (46.9) 1,395(38.5) 

Collision Manner     

Single Vehicle 2,986 764 (44.1) 2,222 (41.8) 

<0.0001 

Angle 852 253 (14.6) 599 (11.3) 

Left Turn 609 210 (12.1) 399 (7.5) 

Rear-End 1,410 249 (14.4) 1,161 (21.9) 

Head-on  152 47 (2.7) 105 (2.0) 

Sideswipe same 

direction 
579 114 (6.6) 465 (8.8) 

Sideswipe opposite 

direction 
95 17(0.98) 78 (1.5) 
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 Total Trauma Non-Trauma P-value 

Rear to Side/ Rear to 

Rear 
43 4 (0.23) 39 (0.7) 

Other/Unknown 319 76 (4.4) 243 (4.6) 

 

As seen in Table 9, accidents occurring while making left turns and head-on collisions 

have the highest odds of resulting in a traumatic injury in comparison to rear-end 

accidents. Not wearing a helmet yields odds of traumatic injury 1.371 times higher than 

those wearing a helmet. Again an ROC curve is used to test the goodness of fit for the 

model. (Figure 4) The area under the curve in this case is 0.6224. This model is not as 

good at predicting the outcome as Model 1.  

Table 9: Logistic Regression Model 2 

 
Odds 

Ratio 

95% Wald Confidence 

Limits 
P-value 

Age 1.010 (1.007, 1.014) <0.0001 

Log(Estimated Speed) 1.170 (1.122, 1.221) <0.0001 

Helmet    

Yes 1.000 Reference  

No 1.371 (1.204,1.561) <0.0001 

Collision Manner    

Rear End 1.000 Reference  

Single Vehicle 1.350 (1.117, 1.631) 0.0019 

Angle 1.780 (1.397, 2.268) <0.0001 

Left Turn 2.623 (2.038, 3.376) <0.0001 

Head on  2.077 (1.335, 3.230) 0.0012 

Sideswipe same direction 0.973 (0.722, 1.312) 0.8589 

Sideswipe opposite direction 1.021 (0.516, 2.022) 0.9524 

Rear to Side/ Rear to Rear 0.377 (0.087, 1.626) 0.1908 

Other/Unknown 1.379 (0.968, 1.963) 0.0748 

(2,129 omitted because of missing gender and/or helmet usage- 30.2%)  
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Figure 3: ROC Curve for Model 1   Figure 4: ROC Curve for Model 2  

 

In addition to utilizing the data linkage procedure to assess differences between accidents 

that cause injuries that are classified as traumas and those that are not, the linkage allows 

the types of injuries (Figure 5) and the number of body areas injured (Figure 6) to be 

assessed based on collision manner. In this case other and missing manner of collision are 

not included in the data analysis. As seen in Figure 5, the majority of individuals have at 

least some sort of external injury, such as bruises or abrasions. Injuries to the head and 

the extremities are also highly prevalent. Figure 6 shows that over two-thirds of 

individuals injured in accidents only have injuries to 1 or 2 major body areas.  
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Figure 5: Body Area Injured by Collision Manner      

 

Figure 6: % of people with Multiple Body Part Injuries by Collision Manner 
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Discussion 
The current study looks at the difference in injury outcomes for all individuals involved 

in MVCs in Arizona for 2010 and 2011. The initial model for predicting the occurrence 

of an injury does not meet the generally accepted value for a valuable predictive model at 

0.7523. This, however, is to be expected because not all car crashes are created equal. 

Additionally, there are a number of factors that were not looked at in this study. The type 

of vehicle and weather conditions were omitted and not included in the study. Even 

though a majority of Arizona does not experience a lot of icy roads, conditions like wet 

roads, blinding sunlight and dust storms are still very much present and may affect the 

severity of a crash. No two car crashes are the same, meaning that a perfect predictive 

model does not exist.  

The analysis confirms some previous studies on the effect of seatbelt usage. Seatbelt 

usage was shown to have a significant decrease in the odds of a person sustaining a 

serious injury.  Individuals not wearing seatbelts were 3.98 times more likely to suffer a 

trauma than those who were wearing a seatbelt. Seatbelt usage may be associated with 

better overall driver safety and consequently a decrease in crash fatality rates.
19

 Arizona 

does not have a primary seatbelt law. Only minors and all people in the front seat are 

required to wear seatbelts. Vehicles cannot be pulled over for other occupants not 

wearing seatbelts without some other primary violation (ARS Title 28-909). Individuals 

can be cited for not wearing a seatbelt if the car is pulled over for another violation. The 

data in this study showed that higher seatbelt usage was reported for minors, with 89% 

reported wearing a seatbelt or being secured in a car seat. This was an increase from 

adults where 83% were wearing a seatbelt at the time of the accident. Individuals in the 
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front row of the vehicle had a seatbelt usage of 88%. The interaction between seat 

position and seatbelt usage was not significant but seatbelt usage was higher in the first 

row. Arizona also lags behind the national average for seatbelt usage. The national 

average for seat belt usage is 86%. From a geographic standpoint the western United 

States has an average seatbelt usage of  94%.
20

 There have been recent efforts across the 

state to increase seatbelt usage. The fact that wearing a seatbelt decreases the chances of 

serious injury from an accident is not new information, yet close to 18% of Arizona’s 

population still chooses to not wear their seatbelts.   

The motorcycle model has a lower goodness of fit score than that of the initial model for 

all other vehicles. Almost a third of the observations for this model were omitted due to 

missing helmet use documentation. There is only a motorcycle helmet law for minors in 

Arizona. More information about the events of collisions that involve motorcycles may 

help predict trauma incidents. The type of vehicle may play an important role in 

motorcycle incidents due to the large range of size discrepancies between a motorcycle 

and other motor vehicles.  
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Recommendations and Future Study 

Safety 

The information available shows that seatbelt usage is an important factor in preventing 

traumatic injuries in passenger vehicle collisions. This is the only factor looked at that 

can be directly changed by the population. Speed is also an important factor in the 

severity of crashes. However, the reporting of estimated speed is just that, an estimate. 

The model does show that as speed increases so does the risk of being severely injured. 

This is consistent with other models that have assessed speed and injury severity. Speed 

has also been shown to increase the risk of being involved in a car accident.
21

   

In this study airbag deployment was not adequately reported, so it was not included in the 

model. It is not possible to say what impact airbag deployment is having on the injury 

report. It would be interesting to see what the impact is in Arizona, as there are 

disagreeing view points on whether airbags, while preventing mortality, may be resulting 

in an increase in injuries to the extremities.
22

 In order to fully explore the effect of airbag 

deployment, it is important to keep the make and model of the vehicle in mind as airbag 

technology is constantly improving. Airbags have only been required in cars since 1998. 

Side impact air bags are not currently required but their presence is increasing.  

Future 

If ADOT and ADHS stay committed to working together, the data reported from both 

departments should improve. Discussions have already led ADOT to begin to set up a 

process to electronically submit to ADHS crash data containing unique identifiers. 

Unique identifiers will be crucial for improving the accuracy and validity of the linkage. 
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With each passing year, it will be possible to identify trends and areas of concern that 

need to be addressed. This could be reductions in seatbelt usage or increases in trauma-

causing accidents. Being able to track trends would allow Arizona to identify problem 

areas and weaknesses in the current system.  

The addition of an EMS database will fill in the gap of data between the incident (the 

crash) and treatment in the emergency department. This database may also be able to fill 

in fields that are missing from some of the crash records. By establishing a complete 

chain of events, Arizona will have a better idea of how best to distribute resources to best 

serve the public.  

This study did not look specifically at crashes resulting in fatalities. There were 226 

records in the ASTR of patients who died in the emergency department. This study also 

does not include information on deaths that occur at the scene. These crashes are captured 

by ADOT and submitted to the national FARS (Fatality Analysis Reporting System) 

database managed by the National Highway Transportation Safety Administration 

(NHTSA).  

This study did not include the first harmful event as a predictive factor as there are over 

40 categories for this field. It would have been interesting to see how the outcomes were 

affected by the rate of speed the vehicle was traveling in comparison to the posted speed 

limit. The posted speed field had a number of missing values and a large proportion 

completed with a zero, so it was not utilized in this study. It may be possible through the 

use of geographic information systems to obtain valid information for this field as the 

location of the crash is well documented.  
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This project has applicability to many areas of public health. Of the three core functions, 

this project most specifically dealt with assessment and assurance. By using the ASTR 

and ALISS databases, it is possible to monitor the health status of crash patients based on 

crash type and other contributing factors.  

A number of the ten essential public health services are also covered within this 

internship. ASTR identifies and monitors crash frequency and contributing factors to 

injury severity. This function will monitor the health status of the community to identify 

community health problems. Although not addressed in this project, the linkage of ASTR 

and ALISS will allow officials to investigate potential community health hazards. The 

information used for this project is collected as part of a joint effort between ADHS, 

ADOT, and the Governor’s Office of Highway Safety (GOHS). This collaboration meets 

another essential public health service as the community partnerships are used to identify 

and solve health problems. The linkage outcome of this project will provide these 

organizations data that can be further analyzed to facilitate policies and future plans. 

Information on crash-related traumatic injuries will ensure that public health and health 

care workers are adequately trained to provide appropriate care. Further data analysis 

may also identify high frequency crash areas to help facilitate research to result in crash 

mitigation.  
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Conclusion 
This analysis shows that valuable information can be determined by establishing a link 

between ALISS and ASTR. By establishing a reliable method for linking specified data 

elements of the databases, ADOT and ADHS, their constituent resources, system 

stakeholders and the public will be able to study motor vehicle crashes where injuries or 

loss of life have occurred, and identify new relationships between the data that will 

prompt better or new preventative measures and treatment modalities that reduce 

mortality and morbidity. Although neither model meets the threshold for a valuable 

predictive curve, this evaluation shows that there are significant differences in the 

outcome based upon collision type, use of a restraint systems, estimated speed, gender, 

extrication and age. Motorcycles, as a subset of this data, have significant differences in 

outcome based on collision type, helmet use, estimated speed and age. Finally, the 

linkage will provide measureable data to support new or revisions of state and/or local 

highway safety laws.  

The employees of the BEMSTS section at ADHS were very helpful and provided 

valuable feedback throughout the project as bumps in the road were discovered. The 

original plan for this data, after executing a probabilistic linkage was to analyze the data 

for correlations between vehicle speed and injury severity. Additionally the nature of the 

crash was going to be explored at in order to determine if injury severity differs among 

the types of crashes. This was changed to an analysis of a predictive model for predicting 

trauma injury based on the characteristics of the crash. The change was made due to the 

type of reliable data that was available. The large amount of missing data was not 

anticipated. The data analysis was modified to minimize the number of records that 
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would be deleted. This issue will hopefully be rectified if the two departments continue to 

work together to make an effort to get complete information about the incident. The most 

important goal of this internship was the linkage of the database. While it is a tentative 

linkage because of the lack of unique identifiers, it does show that a linkage between the 

ASTR and the ALISS can be set up and utilized for further data analysis. 
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Appendix I- Arizona Crash Report  
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Appendix II- Data Completeness for Meeting with GOHS 
Preliminary Completeness Analysis: Selected Variables in the ADOT Crash Database 

(Erin Campbell, MPH Intern; September 30, 2012) 

For calendar years 2010 and 2011 more than 580,000 people in 406,789 vehicles were involved 

in 210,382 crashes reported to the Arizona Department of Transportation (ADOT) Crash 

Database comprised of more than 170 elements. Of the 580,000 individuals involved in a crash, 

only 129,761 (22.4%) were documented as having at least a possible injury. These 129,761 

individuals occupied 107,328 vehicles involved in 85,623 crashes. 

Accurate and consistent linkage of the Crash Database with the Arizona State Trauma Registry 

(ASTR) will require completeness and consistency of the variable capture in the ADOT Crash 

Database. Currently, crash records are filled out by responding law enforcement officers and then 

input into the Crash Database by ADOT/Traffic Records Section staff. This report analyzes the 

Crash Database’s completeness recorded data in selected (targeted) field variables. 

Table 1A shows the count and percent missing for variables reported for each individual 

documented as having at least a possible injury: 

 The percentage of records missing Airbag usage is significantly higher than the other variables 

in Table 1A. This may be for one of two reasons: 1) uncertainty of how officers record airbag 

deployment for passengers not seated in the first row other than 0 Not Applicable, 1 Not 

Deployed; and 2) Airbag use is recorded in the “Safety Device” variable (6 Air Bag Deployed, 

and 7 Air Bag Deployed/Shoulder-Lap Belt). 
 

 Zip Code is another field with a high percentage of a missing variable. In this instance, Zip 

Code is referring to the individual’s Zip Code of residence, which may be difficult to obtain at 

a busy crash scene, and populated later by obtaining the individual’s driver’s license or state 

identification. 
 

 The “Transported To/By” variable is not consistently populated (e.g., variations in hospital 

name, hospital address, blank, etc.). Ideally, the alpha-numeric ADHS facility codes (e.g., 

Banner Good Samaritan Medical Center = MED0219) should populate this variable. If one 

looks only at the “Transported To/By” variable for persons transported, about one-third of the 

observations include the alpha-numeric ADHS facility code. Consistent entry of the ADHS 

facility codes in the “Transported To/By” variable would greatly facilitate matching ASTR 

records with Crash Records. 

 

Table 1A. Completeness of Variables for Persons (n=129,761) 

Variable Count (%) 

Gender 
Reported 115,756 (89.2%) 

Unknown or Missing  14,005 (10.8%) 

Age 
Reported 110,234 (85%) 

Missing 19,527 (15%) 

Seat Position 
Reported 119,542 (92.1%) 

Missing or Unknown 10,219 (7.9%) 

Safety Device 
Reported 102,374 (78.9%) 

Missing or Unknown  27, 387 (21.1%) 

Airbag 
Reported 31,824 (24.5%) 

Missing or Unknown 97,937 (75.5%) 

Injury Status  
Reported 101,615 (78.3%) 

Missing or Unknown 28,146 (21.7%) 

Ejection  Reported 75,453 (58.1%) 
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Missing or Unknown 54,308 (41.9%) 

Extraction 
Reported 75,741 (58.4%) 

Missing or Unknown  54,020 (41.6%) 

Zip code 
Reported  18,236 (14.1%) 

Missing  111,525 (85.9%) 

Transport Source 
Reported 33,521 (25.8%) 

Missing or Unknown 96240 (74.2%) 

Transported To 
Reported*** 118,953 (92%) 

Missing or Unknown 10,808 (8%) 

Transported To/By (Transport is EMS) 

N= 13,019 

Correctly Reported  4,500 (35%) 

Report Some Destination 4,240 (32.6%) 

Missing 4,279 (32.4%) 

***Report some value. Not analyzed for validity 

There were 11 total variables reported in Table 1A. Table 1B shows the number of variables that 

are missing for each person record. Currently only 3.69% of records contain all 11 elements 

looked at in Table 1B. 

 

Table 1B. Completeness of Records by Person  

Number of Variables Missing Frequency Percent 

0 4,785 3.69 

1 11,336 8.74 

2 18,987 14.63 

3 27,712 21.36 

4 12,515 9.64 

5 27,379 21.10 

6 7,692 5.93 

7 7,167 5.52 

8 3,542 2.73 

9 6,727 5.18 

10 1,905 1.47 

11 14 0.01 

 

Unlike the incomplete records per person, the location of the incident is more accurately reported. 

Over a quarter of incidents are missing the street crossing, but given the small numbers that are 

missing the latitude and longitude, it makes the location of the accident a very accurate and 

complete variable. There are only 819 incidents that are missing both latitude/longitude and a 

crossing street, which represents just 1% of the incidents. 

 

Table 2. Completeness of Variable for Incident (n=85,623) 

Variable Count (%)  

Latitude/Longitude  
Reported  84,574 (98.8%) 

Missing  1,049 (1.2%) 

Crossing  
Reported  62,895 (73.5%) 

Missing  22,728 (26.5%) 

On Road  
Reported 85,623 (100%) 

Missing  0 (0%) 

Hour  
Reported 85,623(100%) 

Missing 0 (0%) 
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Table 3 looks at the estimated speed of the vehicle at time of impact, the posted speed of the 

location, and the difference between the two values. Speed has been shown to be highly 

predictive of the severity of injuries resulting from a motor vehicle accident. In regards to posted 

speed, it was necessary to correct a small number of records that were reported incorrectly. This 

small error in addition to the missing posted speeds can be corrected by utilizing the location of 

the accident. There are also a large amount of records (10.9%) with a posted speed of zero miles 

per hour. This may reflect the lack of posted speed limits on some roads. The actual speed of the 

vehicle is more predictive of the severity of the accident but the posted speed is necessary to 

determine if a vehicle was being operated at a speed in violation of law.  Of the 107,328 vehicles 

involved in a potential injuring crash, just over 1% (1,272 vehicles) of those records is missing all 

three elements of speed. 

 

Table 3. Completeness of Variable for Unit (n=107,328) 

Variable Count (%)  

Posted Speed 
Reported  105,711 (81.5%) 

Missing 1,617 (18.5%) 

Estimated Speed 
Reported  99,615 (76.8%) 

Missing  7,713 (23.2%) 

Speed Over  
Reported  99,270 (76.5%) 

Missing 8,058 (23.5%) 

 

Table 4 shows the number of missing variables when the three files (Incident, Person, and Unit) 

are merged. There were 15 variables in all analyzed for missing variables. 

 

Table 4.  Completeness of Records (Person, Incident, Unit) N=129,761 

Number of Variables Missing Frequency Percent 

0 2,644 2.04 

1 7,610 5.86 

2 15,087 11.63 

3 22,355 17.23 

4 22,662 17.46 

5 25,982 20.02 

6 12,373 9.54 

7 6,425 4.95 

8 4,380 3.38 

9 6,004 4.63 

10 2,575 1.98 

11 728 0.56 

12 381 0.29 

13 498 0.38 

14 50 0.04 

15 7 0.01 

 

 

Figure 1. Graphic Representation of Table 4 
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CURRENTLY WORKING ON: 

 

Completeness of Variables in ALISS records linked to ASTR 

 

Currently, the two databases have been linked utilizing date of injury, age, gender and the hour of 

the incident. There were 23,787 ASTR records that indicated that the mechanism of injury was 

motor vehicle related. Of these 23,787 records, 17,573 or 73.9% have been potentially linked to 

records in the crash database. Of the more than 17,000 potential matches, more than 10,000 of 

them (61.8%) match on all four fields. The remaining values match on date and gender and are 

potentially linked based on missing ages or time in one or both databases. A cushion of +/- 2 

hours was used to account for possible time discrepancies. 
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Appendix III- IRB Approval 
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The goal of this project is to perform a probabilistic match between two databeses, the 

Arizona State Trauma Registry and the Arizona Department of Transportation Traffic 

Records. Both databases provide valuable information as to the nature of injuries 

sustained, treatment received and overall outcome. By matching up the data between the 

two databases, the data can be analyzed to show trends in injury severity based on 

accident type or identify areas of high fatality concentration. The results of this data 

analysis can be used to better prepare emergency responders and help identify areas 

where new crash mitigation strategies may be helpful. All Data that is used in this study 

has been de-identified, as confirmed by the following letter.  
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