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Introduction

This document presents the results of a comparison of ID crashes compared to non-1D crashes
over a recent three year period (FY2015-2017). An over-represented value of an attribute is a
situation found where that attribute has a greater share of 1D crashes than would be expected if it
were the same as that same attribute in non-ID crashes. That is, the non-ID crashes are serving
as a control to which the 1D crashes are being compared. In this way anything different about ID
crashes surfaces and can be subjected to further analyses.

[Fiscal years (FY) are defined to be the last three months of the previous calendar year coupled
with the first 9 months of the nominal calendar year; for example, FY2017 consists of October-
December of 2016 plus January-September of 2017.]

The analytical technique employed to generate most of the displays below is called Information
Mining Performance Analysis Control Technique (IMPACT). For a detailed description of the
meaning of each element of the IMPACT outputs, see:

http://www.caps.ua.edu/software/care/

The first section below will compare FY2017 1D crashes against FY2015-2016 ID crashes to de-
termine any significant changes that have occurred in FY2017 from the previous two fiscal
years. After this, the comparison between ID and non-ID crashes will be presented under the fol-
lowing headings:

Geographic Factors

Time Factors

Factors Affecting Severity

Driver and Vehicle Demographics

A summary of findings is given after these analyses are presented.


http://www.caps.ua.edu/software/care/

Impaired Driving (ID) Update for FY2017

This section will compare ID crashes that occurred in FY2017 with those that occurred in the
previous two fiscal years (FY2015-2016). The goal of this comparison is to surface factors that
have undergone a significant change in the FY2017 time frame. A comparison by severity gives
the highest level overview.

Overall Crashes by Year

Before getting into the ID subset, it is good to get a feel for the overall difference in the crash
frequencies over the past fiscal years. The following table gives a monthly comparison of total
crashes over the three fiscal years. Please realize that the October, November and December
months are from the previous calendar years despite their being shown in the normal monthly se-
quence.

Crashes by Month for Fiscal Years 2015-2017
FY2015 FY2016 FY2017 TOTAL

January 11362 12135 12251 35748
February 10939 12557 11878 35374
March 12295 13764 13497 39556
April 12836 13327 13115 39278
May 12525 12822 13857 39204
June 11201 12204 13522 36927
July 11963 12498 12096 36557
August 12698 13861 13275 39834
September 12333 12916 12540 37789
October 12403 14034 13647 40084

November 11755 13228 12938 37921
December 12554 14455 13625 40634
TOTAL 144864 157801 156241 458906
Percent 31.57% 34.39% 34.05% 100.00%

We conclude from considering the percentage numbers at the bottom of the table that FY2017
was not significantly different in total crashes from FY2016, there being only a 0.31% differ-
ence. However, it is clear from looking at the low percent in FY2015, as well as the numbers
themselves, that there as a significant increase from FY2015 to FY2016. This reflects the gen-
eral findings with regard to dramatic increase in CY2016, and it does not appear that there has



been a large regression to the mean in the first 9 months of CY2017 to overcome this increase.
With regard to interpreting the remainder of the findings, we should view FY2017 as quite com-
parable in number to FY2016, and thus, retaining the increase over FY2015. However, we shall
see that the frequency of fatal crashes was significantly lower in FY2017, and that a major factor
in this reduction was the reduction in the ID fatal crashes.

Overall Severity Comparisons

The following presents a comparison of the severities of crashes in FY2017 against those of
FY2015-2016. In the table above the chart the Subset Frequency and Percent is for FY2017,
which the Other Frequency and Percent is for the previous two fiscal years, and thus the order of
magnitude of the frequencies is about double that of FY2017. Comparisons must be against the
percentages to determine if there is a trend direction being set in increased or decreased severity
for these crashes.

ot File Dashboard  Filters  Analysis  Impact Locations Tools Window Help

2014-2017 Alabama Intearated Crash Data FY2017
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Subset Subset Cther Cther Odds Max C020: E Distracted Driving Cpinion -~
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Fatal Injury 521 0.59 1707 0.56 1.045 35817 | | C022: E Type of Roadway Junction/Feah
Incapacitating Injury 5689 364 12714 420 0.867*|  -874.191 | | ©023:E Manner of Crash
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The increase in the proportion of the number of fatal injuries (0.03%) is not significant recogniz-
ing that the comparisons take into account the differences in overall crashes. Itis a 4.5% in-
crease in the proportions, which are quite small for the overall fatality crash rate per crash. The
difference in the average of the two before years is 853.5, which makes a difference in FY2017
of an increase of 67.5 fatal crashes.

In the other injury severities, there is a significant decrease in the Incapacitating Injury and a sig-
nificant increase in the Possible Injury. This difference tends to balance out the increase in the
fatal crashes, since quite often the characteristics of an incapacitating injury crash are not at all
different from that crash being fatal. Thus, this reduction should be seen as quite favorable. The
difference in Non-Incapacitating Injury is not seen to be significant.

Considering fatal crashes by individual years, the totals for the three years are given in the table
below for all crashes and for ID crashes.

FY2015 | FY2016 | % Over FY2015 | FY2017 | % Over FY2016
All Fatal Crashes 766 941 22.8% 921 -2.1%
ID Fatal Crashes 207 226 9.2% 188 -16.8%
ID % of all Fatal | 27.0% | 24.0% - 20.4% -

Clearly there is a significant trend away from reported ID being the cause of fatal crashes. This
should be taken into consideration in the interpretation of the findings regarding the various at-
tributes that are given in the remainder of this problem identification. The increase in overall fa-
talities from FY2015 to FY2016 was 22.8%, and this decrease was only 2.1% in FY2017. Simi-
larly, the ID fatal crashes had a 9.2% increase and a 1.7% decrease.



Geographical Factors

County

ﬂ File  Dashboard  Filters  Analysis |mpact Locations Tools Window  Help

3 2014-2017 Alabama Integrated Crash Data w FY2015-2017 AND DUI I TER A 1/ 172014 101672017

Order: | Max Gain w | | Descending v | [] Suppress Zero-Valued Rows Significance: |Over Representation v Threshold:

C001: Col Subsst  Subset Other Other MacGain v | | S —
== Frequency Percent Frequency Percent a taain C002: City

Cullman 524 236 5718 152 244182 C003: Year
Madison 1608 876 33446 759 214310 C004: Month

C005: Day of Month
Baldni 847 462 15209 345 213516
=i CO06: Day afthe Week

Marshal 441 2.40 162 142,857 C007: Week of the Year
Blount 239 130 0.56 136.036 C008: Time of Day
Talladega 337 184 1.2 114,870 C009: Data Source
Jackson 2 127 067 . 109627 | | | G010:Rural orUrban

- C011: Highway Classifications
5t Clair 2 188 12 105.167 C012: Controlled Access

Elmore 330 1.80 1.26 57516 C013: E Highway Side
Lauderdale m 203 1.50 57.639 C015: Primary Contributing Circumstant
Limestone 28 157 108 92 604 CO016: Primary Contributing Unit Numbe
CO017: First Harmful Event
C018: Location First Harmful Event Rel t
Dekalb 21 1.26 0.1 : 82963 C019: E Most Harmful Event
Walker 274 149 1.05 81.152 C020: E Distracted Driving Opinion
Ezcambia 166 0.50 053 68659 C021: Distance to Fixed Object
Tallapoosa 145 079 044 63529 C022: E Type of Roadway Junction/Feat
C023: E Manner of Crash
Esnch 13 L L 63393 | | co24: School Bus Related
Dale 168 0.52 0.59 Rk 59,557 C025: Crash Severity
Pike 191 1.04 0.72 59.463 C026: Intersection Related
Franklin 122 0.66 0.36 : 56.023 C027:At Intersection
C028: Mileposted Route
Lz E ZED C029: Lighting Conditions
Margan 239 209 54928 030 Weather
Covington 072 043 54.444 C031: Locale
Macon 045 52 946 C032: E Police Present at Time of Crast
Colbert 140 112 50,448 C033: Police Motification Delay
C034: Palice Arrival Delay
Lawrence 058 033 488% || co3s: EMS Arrival Delay
Coffee 1.05 0.80 45.635 CO36: Adjusted EMS Arrival Delay
Monroe 0.45 021 44 272 C037: Non-Vehicular Property Damage
Conecuh 0.48 0.24 : 43307 C040:Agency ORI
C042: Highway Patrol Troops
Choct; 0.33 0.11 : 40174
an C043: Highway Patrol Posts
Crenshaw 0.33 017 . 38.636 044 ALEA Division
Bibb 022 35.598 C045: ALDOT Area
053 034 14 855 C046:ALDOT Region

AT ARECA ALSM Daninn

Wilcax 027 : [ | Sort by Sum of Max Gain

Chilton 207 113 065 86.876

[] Display Filter Name

The above has been arranged in highest Max Gain order to indicate the counties that have the
highest potential for gain (by reducing the over-representation) at the top. The following output
is the rest of the counties in the ordering, so it contains those that are under-represented.
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4 2014-2017 Mlabama Integrated Crash Data v FY2015-2017 AND DUI | T 1 172014 1041672017

Order; | Max Gain v | Descending v | [] Suppress Zero-Valued Rows Significance: | Cver Representation v | Thresheld:| 2.0 El

T001- Cor Subset  Subet Other  Other B
s Frequency Percent Frequency Percent C002: City

Wilcox 027 422 0.10 ] ) C003: Year
Clarke 0.49 1361 031 C004: Month

C005: Day of Month
Dall 0.83 2515 066
allas CO006: Day of the Week

Fickens 034 803 013 : COOT: Week of the Year
Coosa 029 675 0.15 . C008: Time of Day
Washington 027 BEY 013 ! ] C009: Data Source
Calhoun 256 243 C010: Rural or Urban
CO011: Highway Classifications
Autauga 102 3346 030 C012: Controlled Access
Lamar 0.23 476 0.11 C013: E Highway Side
Butler 0.56 1346 044 C015: Primary Contributing Circumstant
Bullock 024 570 012 : C016: Primary Contributing Unit Numbe
CO017: First Harmful Event
C018: Location First Harmful Event Rel t
Henry 028 013 : CO019: E Most Harmful Event
Winston 0.29 0.20 . C020: E Distracted Driving Opinion
Pemy 0.16 007 ; C021: Distance to Fixed Object
Barbour 047 038 C022: E Type of Roadway Junction/Featt
C023: E Manner of Crash
Cherokces 04 033 C024: School Bus Related
Greene 0.26 0.20 : C025: Crash Severity
Clebume 0.34 0.29 . C026: Intersection Related
Sumter 073 _ ; CO27:AtIntersection
C028: Mileposted Route
C029: Lighting Conditions
Houston 248 - CO030: Weather
Randolph 0.26 022 . C031: Locale
Fayette . { C032:E Police Present at Time of Crast
C033: Police Motification Delay
C034: Palice Arrival Delay
C035: EMS Arrival Delay
Etowah : C026: Adjusted EMS Arrival Delay
Chambers . . C037: Non-Vehicular Property Damage
FRussell | _ C040: Agency ORI
C042: Highway Patrol Troops
C043: Highway Patrol Posts
Shelby : CO044: ALEADivision
Moritgomery 1 X CO045:ALDOT Area
Mobile - C046:ALDOT Region

AT ARECA ALSM Daninn

Jefferson . [ | Sort by Sum of Max Gain

Hale 0.30 855 015

Marengo 0.27 022

Clay

Tuscaloosa

Les

0 0 & & [] Display Filter Name

Cullman, Madison, Baldwin, Marshall and Blount have the highest potential for ID crash reduc-
tion. At the other end of the spectrum, the counties with the largest cities (e.g., Jefferson, Mobile
and Montgomery counties) were the most under-represented counties for impaired driving
crashes. Generally, the over-represented counties contain larger rural areas. See the rural-urban
comparison below.



Cities Over-represented by Twice the Expected Proportions

For comparison purposes, the rural areas of counties are considered to be “virtual cities” in that
crashes that occur there are listed as “Rural County” so that these crashes can be duly accounted
for. Generally those rural areas that are adjacent to (or contain) significant urban areas. Con-
trasted with this finding, there was significant under-representation for impaired driving crashes
in the largest cities themselves (e.g., Birmingham, Mobile, Montgomery, Huntsville, Tuscaloosa,
etc.). This can be attributed to a number of possible factors in urban areas:
e Less need for motor vehicle travel to the drinking establishments;
e Larger police presence in the metropolitan areas; and
e Lower speeds in rural areas result in a lower severity of crashes, which may be less apt to
be reported as caused by impaired driving. Urban crashes contain many described as
fender-benders or low-speed rear-end bumper crashes.

The output display below is a list of what are considered to be the most critical cities because of
their proportional increases in FY2017 over that occurring in FY2015-2016. The criteria for this
list was (1) a total of 100 or more ID crashes in FY2015-2017, and (2) at least twice the expected
proportion in the original state-wide IMPACT run. Note that the reduced IMPACT run dis-
played is a comparison of only the cities shown, so the Odds Ratios do not show the original
over-representations, all of which were over 2.00. This display has been placed in Max Gain or-
dering to put those cities that have the highest potential for ID crash reduction at the top; how-
ever, since the original comparison showed all of these (virtual) cities to have an Odds Ratio of
greater than 2.00, they should all be of comparable potential for reduction.
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-8 X
2014-2017 Alabama Integrated Crash Data v - FY2015-2017 AND DUI v |'?n 1/ 1/2014 |1|:-,f1 6/2

| 0rder:|Max Gain v| |Descending v|| Suppress Zerc-Valued Rows Significance: |0\rer Representation v| Threshold: | 20 E"

Subset  Subset Other  Cther -

Frequency  Percert Frequency  Percert

Rural Cullman a8 11.70 2965 925
Rural Blourt 20 6.06 1492 466
Rural Houston 165 5.09 1271 3597
Rural Coffes 105 317 8z7 258
Rural Colbert 126 3.80 1074 335
Rural Pike 100 EXN] 851 266
Rural Elmore 186 561 1710 534
Rural Marshall 166 5.00 1528 477
Rural Dekalb 13 395 1216 3.80
Rural Escambia 344 1099 343
Rural Lauderdale 161 485 1671 522
Rural Chittan 144 434 1530 477
Rural Autauga 355 1305 407
Fural Btowah 355 1355 435
Rural Lee 585 2175 6.80
Fural Talladega 606 2325 726
Rural Limestone 643 2465 7.69
Rural Madison 5135 16.04

[ ] Sort by Sum of Max Gain

D s |=r ﬂl [] Display Fil
2014-2017 Alabama Integrated Crash Data
C002: City

Fraquency

Rural Colbert Rural Escambia Rural Lee
C002: City
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Cities by Number of ID Crashes in FY2015-2017

The following display gives the cities with over 200 ID crashes in FY2015-2017

ﬂ File  Dashboard  Filters  Analysis |mpact Locations Tools Window  Help

2014-2017 Mlabama Integrated Crash Data v - FY2015-2017 AND DUI

Order: | Subset Frequency v | Descending W | [] Suppress Zero-Valued Rows

Subset Subset Cther Cther Max G | | CO01: County
Frequency Percent Frequency Percent ax faain C002: City

Hurtsvile 965 526 24708 561 : 64285 CO003: Year
Bimmingham 783 477 50878 1155 L 1336474 C004: Month

C005: Day of Month
Mobil 518 237 24637 786 . 824,907
e CO0B: Day of the Week

Montgomeny 520 283 26546 6.12 463" 602515 007 Week of the Year

Rural Madison 478 261 5139 117 L . C008: Time of Day

Rural Mobile 472 257 5725 130 g C009: Data Source

Tuscaloosa 457 249 15187 345 €010:Rural or Urban
CO011: Highway Classifications

Rural Tuscaloosa 413 225 115 C012: Controlled Access

Rural Cullman 388 067 : C013: E Highway Side

Rural Baldwin 256 085 . C015: Primary Contributing Circumstant

Fural Jefferson 201 | 205 T ] CO016: Primary Contributing Unit Numbe

CO017: First Harmful Event

C018: Location First Harmful Event Rel t

Decatur i : : : CO019: E Most Harmful Event

Dothan 240 { X -130. C020: E Distracted Driving Opinion

Rural Limestone 215 . 094 112313 C021: Distance to Fixed Object

Aubum 207 ) ] 36,199 C022: E Type of Roadway Junction/Featt
C023: E Manner of Crash

Sre e 20 ' i T C024: School Bus Related

Rural Talladega 201 L | 104.145 C025: Crash Severity

Rural Lee 194 - - M . | [T Saxtby Som of Max Gaan

Hoover 257

D (o | & }? [] Display Filter Name

Huntsville, at the top of the list, is interesting in that it also has a relatively high proportion of
non-1D crashes (5.61%). And while it is at the top of the list for frequency, it is slightly under-
represented in ID crashes (5.26/5.61=0.938). The three largest cities that follow are shown with
a green background in that their Odds Ratios are less than 0.500, i.e., they have less than half of
the ID crashes that you would expect from the proportion of non-ID crashes.

Use the Odds Ratio to determine which of these cities has more ID crashes (labeled Subset) than

would be expected based on their non-1D crashes (labeled Other). The red background indicates
that the cell has over twice the expected number of ID crashes.
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The following lists cities with 100-200 ID crashes, where some overlap with the other tables is
shown in the first and last cells.

ﬂ File  Dashboard  Filters  Analysis |mpact Locations Tools Window  Help

43 2014-2017 Mlabama Integrated Crash Data v FY2015-2017 AND DUI | T 1 172014 1041672017

Order: | Subset Frequency v | Descending v | [] Suppress Zero-Valued Rows Significance: |Over Representation v Threshold:

C002: Subsst Subsst Other Other Odds v ~ | | CO01: County
sue Frequency  Percent Frequency  Percent Ratio A aain C002: City

Rural Talladega 201 110 2325 053 2075° 104.145 C003: Year
Rural Lee 194 1.06 2179 049 103.227 C004: Month

C005: Day of Month
Rural Calh 193 105 064 1632 74733
el ~ahoun CO06: Day afthe Week

Florence 1.04 038 9330 CO07: Week of the Year
Bessemer 1.04 11 -14.082 C008: Time of Day
Phenix City 1.04 144 73612 C009: Data Source
Rural B 101 039 114765 C010: Rural or Urban

CO011: Highway Classifications
T FTEDT L3 L {11 C012: Controlled Access

Opelika 0.91 160 . -126.535 C013: E Highway Side
Rural &t. Clair 0.91 0.49 T7.769 C015: Primary Contributing Circumstant
Fural Marshal 0.90 035 y 102347 CO016: Primary Contributing Unit Numbe
CO017: First Harmful Event
C018: Location First Harmful Event Rel t
Rural Montgomery 052 64.378 CO019: E Most Harmful Event
Rural Walker 0.85 044 . 75.558 C020: E Distracted Driving Opinion
Madizon 0.84 083 2873 C021: Distance to Fixed Object
C022: E Type of Roadway Junction/Featt
C023: E Manner of Crash
C024: School Bus Related
Rural Morgan 0.44 57684 C025: Crash Severity
Rural Shelby X 093 -35.256 C026: Intersection Related
Fural Dekalb ] ; 80,344 CO27:AtIntersection

C028: Mileposted Route
Gadeden 120 e C029: Lighting Conditions
Prichard i 056 22438 030 Weather
Rural Colbert 024 81.259 C031: Locale
Rural Autauga I 030 64 636 C032: E Police Present at Time of Crast
Rural Etowah I 032 ] 60887 C033: Police Motification Delay

C034: Palice Arrival Delay
Northport C035: EMIS Arrival Delay
Rural Escambia i 0.25 . C026: Adjusted EMS Arrival Delay
Albertvile i 054 . C037: Non-Vehicular Property Damage
Fural Coffee ] ] ] C040: Agency ORI

C042: Highway Patrol Troops
el S C043: Highway Patrol Posts
Daphine : - - [ Sort by Sum of Max Gain

Rural Lauderdale 083 033 91.330

Anniston 082 086 . -7.051
Rural Chilton 0.35 L 80.263

D @ | & ﬂ [] Display Filter Name
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The following lists cities with 60-100 ID crashes, where some overlap with the other tables is
shown in the first and last cells.

ﬂ File  Dashboard  Filters  Analysis |mpact Locations Tools Window  Help

43 2014-2017 Mlabama Integrated Crash Data v FY2015-2017 AND DUI | T 1 172014 1041672017

Order: | Subset Frequency v | Descending v | [] Suppress Zero-Valued Rows Significance: |Over Representation v Threshold:

C002: Subsst Subsst Other Other Odds v ~ | | CO01: County
sue Frequency  Percent Frequency  Percent Ratio A aain C002: City

Rural Pike 100 055 51 019 2.821* 64,549 CO003: Year
053 2710 052 0.359 15.893 C004: Month

C005: Day of Month
052 333 071 0.736" -34.514
CO006: Day of the Week

052 2386 054 0.966 3.3% CO07: Week of the Year
051 1579 036 1.429° 28222 C008: Time of Day
051 1759 040 1.269 19.724 C009: Data Source

045 1561 035 24572 C010: Rural or Urban
CO011: Highway Classifications
047 865 020 50.966

C012: Controlled Access

0.47 1027 023 44217 C013: E Highway Side

047 0 29.887 C015: Primary Contributing Circumstani

0.45 048 ] 4,898 CO016: Primary Contributing Unit Numbe

CO017: First Harmful Event

C018: Location First Harmful Event Rel t

044 057 24335 CO019: E Most Harmful Event

044 0.25 33468 C020: E Distracted Driving Opinion

043 065 ! 239684 C021: Distance to Fixed Object

Jasper 043 045 ; 5399 C022: E Type of Roadway Junction/Featt
C023: E Manner of Crash

=l e LB L C024: School Bus Related

Homewood 042 1.13 C025: Crash Severity

Rural Geneva 042 014 1 C026: Intersection Related

Gurtersville 034 _ CO27:AtIntersection

C028: Mileposted Route

C029: Lighting Conditions

Petham 084 : CO030: Weather

Rural Butler . 023 | C031: Locale

Fural Franklin . | C032: E Police Present at Time of Crast

Owdord ] 060 C033: Police Motification Delay
C034: Palice Arrival Delay

e 1B C035: EMIS Arrival Delay

Selma 0.40 : C026: Adjusted EMS Arrival Delay

062 ¥ C037: Non-Vehicular Property Damage

026 _ C040: Agency ORI

C042: Highway Patrol Troops

C043: Highway Patrol Posts

034 : : CO044: ALEADivision

C045: ALDOT Area

CO046:ALDOT Region

C047:ADECAAHSO Reaqion
[ ] Sort by Sum of Max Gain

0 0 & & [] Display Filter Name

(=
=1

Daphne
Alabaster

Foley

Rural Russell
Gulf Shores
Scottsboro
Rural Jackson
Rural Lawrence

Rural Macon

B|F|9 Q8 8B R B8

Troy

Orange Beach
Erterprise
Rural Dallas
Cullman

=

044 022 i 41342

S

S

@

Prattville 072

Trussvile

Boaz

Rural Covington
Fairhope

Rural Conecuh
Rural Tallapoosa
Rural Crenshaw

B2 & & 3B TG

o

3
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Severity of Crash by Rural-Urban

It is obvious in the above outputs that the rural areas tend to be more over-represented in 1D
crashes than do the urbanized areas. It is interesting to perform a cross-tabulation over the rural
and urban areas to determine to what extent their crashes might be causing relatively more fatali-
ties than would be expected from just a comparison of their crash frequencies. The following
gives this analysis.

ﬂ File  Dashboard  Filters  Analysis  Crosstab  Locations  Tools  Window  Help

2014-2017 Alabama Integrated Crash Data FY2015-2017 AND DUI

Suppress Zero Values: Mone W ||SelectCells: v T Column: Crash Seventy ; Row: Rural or Urban

'”“af’najﬁ'rt?"”g ,mpag{;q;ng nju | Possible Injury Pr“”gnﬁamﬂe Unknown: ‘ TOTAL |
415 1512 o) 1969 77 7732
66.94% 49.19% 25.58% 1831% 17.04% 4214%
205 ; 1562 1248 6391 75 10618
13.06% 62% 50.81% 74.42% 61.69% 8296% 57.86%
620 ; 3074 1677 10360 452 18350
338% 81% 16.75% 9.14% 56 46% 246% 100.00%

Fatal Injury |

The red cells in the cross-tabulation above indicate over-representation by more than 10%. For
example, while 42.14% of crashes occur in rural areas, close to 67% of the fatal crashes occur
there. It is imperative to take into consideration crash severity when making geographical deci-
sions regarding countermeasure implementation. Any of the geographic analyses shown in this
report could be restricted to fatal crashes or some combination of fatal and injury crashes.

Clearly fatalities and the highest severity of injuries are over-represented in the rural areas.
Some recent ads have stated that the urban areas contain the 1D hotspots. This is only true if

looking at the total frequency of the ID crashes as the criterion and ignoring severity. It also ig-
nores the high number of crashes in general that are expected to occur in population centers.
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Rural or Urban

! File  Dashboard  Filters Analysis |mpact Locations Tools Window Help

2014-2017 Alabama Integrated Crash Data FY2015-2017 AND DUI

Order:  Max Gain v | | Descending v | [] Suppress Zero-Valued Rows

C010: Rural or Urban Subset Cther C009: Data Source

Percent Frequency C010: Rural or Urban

4214 94476 965 . CO011: Highway Classifications

57.86 346080 : - - Sort by Sum of Max Gain

Display Filter Name

2014-2017 Alabama Integrated Crash Data - Filter = FY2015-2017 AND DUI ws. FY2015-2017 AND NOT DUI
C010: Rural or Urban

Fraquency
3

C010: Rural or Urban

Not only are impaired driving crashes more severe in rural areas, but the chart above shows that
42.14% of the ID crashes occur in the rural areas. This is about double what would be expected
from the rural crashes in general (21.44%).
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Highway Classifications

ocl File Dashboard  FEilters  Analysis  Impact Locations Tools Window Help

2014-2017 Alabama Integrated Crash Data v FY2015-2017 AND DUI MEkd ¢ R 101672017 + [

Order; | Max Gain v | | Descending v | [¢] Suppress Zero-Valued Rows Significance: | Over Representation v | Threshald:| 2.0 El

C011: Highway Classifications Subset Subset Other C011: Highway Classifications
- Frequency Percent Frequency

» County 5314 2935 58621
State 3320 1867 TT207
Federal 24 60962
Interstate 1519 8.39 47053

Municipal 5752 3 - (] Sort by Sum of Max Gain
0 0o = & [] Display Filter Name

2014-2017 Alabama Integrated Crash Data
C011: Highway Classifications

Frequency

= = = =
State Federal Interstate Municipal
CO011: Highway Classifications

Analysis of highway classifications indicates that 1D crashes had their greatest over-representa-
tion on county roads. County roads had well over twice their expected proportion of crashes,
while all other roadway classifications were under-represented. It is very possible that ID locals
in the rural areas use the county road system to evade police. Their cunning in this regard does
not seem to extend to making it home safely. It is recommended that further analysis be per-
formed to identify the specific county roads that are most highly over-represented, and that some
enforcement activities be conducted on the county roads in an attempt to move the ID traffic onto
the safer (more forgiving) roadways.
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Locale

! File  Dashboard  Filters  Analysis  Impact Locations Tools Window  Help

2014-2017 Alabama Integrated Crash Data FY2015-2017 AND DUI 3 1/ 1/2014 10/16/2017

[] Suppress Zero-Valued Rows Significance; |Over Representation v Threshel 0

Subset Cther MaxGain C025: Crash Severity FS
Percent  Frequency = an C026: Intersection Related
Open Country 45.59 118151 . 3443115 | | CO27: At Intersection
Residential 2684 90573 1150698 | | C028:Mileposted Route
C029: Lighting Conditions
Playground 0.0¢ . 0.658 gnting

C030: Weather
Other 069 . -53.002

Manufacturing or Industrial 1.19 ; -122.759 | | C032: E Police Present at Time of Crast
School 0.80 . 145227 | | C033: Police Motification Delay

A4 Delica Areiveal Piala

Shopping or Business 2485 -4265 452 [ ] Sort by Sum of Max Gain
0 0= & Display Filter Name

2014-2017 Alabama Integrated Crash Data - Filter = FY2015-2017 AND DUI vs. FY2015-2017 AND NOT DUI
C031: Locale

Frequency

| | | | | |
Open Country Residentizl Playground Other Manufacturing Shopping or
or Industrizl Business

C031: Locale

Reflecting the urban over-representation, open country and residential roadways show a higher
level of over-representation as compared to the more urbanized roadways.
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Time Factors

Year

X

ﬂ File  Dashboard  Filters  Analysis  Impact Locations Tools  Window  Help - 8 X

2014-2017 Mlabama Integrated Crash Data v FY2015-2017 AND DUI k7 v R 10162017 »

Order: | Max Gain v | Descending v | [[] Suppress Zere-Valued Rows Significance: | Over Representation v | Threshald: | 2.0 El

CDD3: Yea . Subset Subset Cther C001: County

Frequency Percent  Frequency LA C002: City

3 2014 1542 : 35170 . ! FzAlZAN | CO03: Year
2015 6438 . 143381 : . 515907 | | ©004: Month

C005: Day of Month
2016 6092 ¥ 150202 | -164.201
CO06: Day of the Week
2017 1 111803 ¥ k -428 809 Sort by Sum of Max Gain

0 0 & & [] Display Filter Name

2014-2017 Alabama Integrated Crash Data

CO003: Year

Frequency
8

See the Introduction section for a crash frequency comparison of the three fiscal years being con-
sidered in these analyses. While the above cannot give a good reading on the overall absolute
increase/decrease in ID crashes, it is useful for tracking the relative changes. This is because the
2014 calendar year is only three months (October-December), while the 2017 calendar year dis-
played is only 9 months (January-September).

However, this does not prevent us from discovering that ID crashes were significantly over-rep-
resented in CY2015. The two were almost as expected in the last three months of 2014. In
CY2015 the proportion of ID crashes was significantly higher than that for non-ID crashes. This
trend was reversed for CY 2016 where almost the opposite under-representation occurred. This
gain continued into the first nine months of 2017, and a benefit of nearly 429 crashes was ob-
tained for ID in comparison to the non-ID crash proportion.
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This is a good time to emphasize that the ID reports being considered here are those reported to
have been DUI (Alcohol or Drugs), which is about 6% of the total reported crashes. While this
IS an accurate statement of the number reported as such, no one claims that this is the actual
number of ID crashes. Many ID caused crashes cannot be verified, and they are therefore not re-
ported as such. These reports over time provide excellent insight into the nature of 1D crashes
despite their not being a complete set of ID reports. As the severity of the crashes increases, the
completeness of the reports in attributing them to ID also increased dramatically. For example,
the amount of effort that goes into investigating a fatal crash is at least 10 to 20 times more effort
than goes into reporting and obtaining all of the details of most property damage only crashes.

Month

! File  Dashboard  Filters  Analysis  |mpact Locations Tools Window  Help

2011-2015 Alabama Integrated Crash Data v DUI (Alcohol or Drugs) k7 ¢ R 12/31/2015

Order: | Max Gain w | | Descending v || [] Suppress Zero-Valued Rows Significance: |Over Representation v | Threshold: 2.0 E

C004: Month, Subset Subset Cther Max Gain C001: County ~
- Frequency Percent Frequency C002: City
3 January 2502 767 50724 i ; -113.532 | | CO03: Year
February 2608 7.9 47740 : : 145.959 | | Lol

March 2960 9.07 53291 y 511623 | | ©005: Day of Month
C006: Day ofthe Week

Apr 830 53865 : 69913 | | coo7: week of the Year
May 869 54334 . 32.834 | | C0O08: Time of Day
a02 49343 ; 71.2ag | | C0O09: Data Source
204 C010: Rural or Urban
C011: Highway Classifications
8.2 52267 C012: Controlled Access
783 51362 : 93. CO013: E Highway Side
856 56480 : k B C015: Primary Contributing Circumstant

867 55233 X } _18. C016: Primary Contributing Unit Numbe
~N47- Eiret Harmful Fuant 2

891 57346 [ | Sort by Sum of Max Gain

[] Display Filter Name

2011-2015 Alabama Integrated Crash Data
C004: Month

Frequency
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The only significant over-representations by month were in February and March, and there we
no significant under-representations. Otherwise the number of 1D crashes correlated well with
non-1D crashes during each of the remaining months.

Day of the Week

ﬂ File  Dashboard  Filters  Analysis  Impact Locations Tools  Window  Help

2014-2017 Mlabama Integrated Crash Data FY2015-2017 AND DUI

Order: | Max Gain v | Descending v | [[] Suppress Zere-Valued Rows Significance: | Over Representation v | Threshald: | 2.0 El

Subset Cther Mae Gai C001: County A
Percent  Frequency e san C002: City

Sunday 1891 40350 . 034 : CO003: Year

Monday 994 65960 664° 2. C004: Month
C005: Day of Month

Tuesday 548 ¥ i -
Wednesday 10.55 : COOT: Week of the Year
Thursday . X . C008: Time of Day
Friday ; 283 382, C009: Data Source
NN Rural ar L irhan

Saturday - - - [ ] Sort by Sum of Max Gain
0 0 & & [] Display Filter Name

2014-2017 Alabama Integrated Crash Data

CO06: Day of the Week

Frequency

I I (i (i I I (i
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
CO06: Day of the Week

The chart above shows the typical non-holiday week pattern that has been experienced for ID for
decades. The days can be classified as follows:

e Weekday (Monday through Thursday) — these days are under-represented in 1D crashes
we would surmise due to the need for many to go to work the following day.

o Friday — the day before a weekend (or holiday) before a day off work. The Friday pattern
is slightly under-represented in ID crashes, not because they do not occur more frequently
than weekdays, but because non-ID crashes occur even more. This is due to the in-
creased traffic of combined commuters and vacationers (including short week-end vaca-
tions) that causes a bad traffic mix. It may be only slightly denser than a typical rush
hour, but it is not homogeneous and restricted to commuters as is the case during most
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weekday rush hours. No doubt much drug use and increased alcohol consumption is ini-
tiated on Friday afternoons.

e Saturday — the “Saturday” pattern is the worse for ID crashes in that it has both an early
morning component (like Sunday) and a late (pre-midnight) night component (like Fri-
day). So, it could be viewed as a combination of the typical Friday and Sunday, with one
exception. It does not have the increased complexity of the Friday afternoon commuters.

e Sunday - this is the last day of a holiday sequence or as given above, the weekend. Its
over-representation comes strictly from those who start on Saturday night and do not
complete their use of alcohol/drugs until after midnight.

A holiday “weekend,” such as Thanksgiving, can be viewed as a sequence of a Friday-, Satur-
days- and Sunday-pattern sequence. The Wednesday before Thanksgiving would follow the Fri-
day pattern assuming that most are at work that Wednesday. The Thursday, Friday and Saturday
would follow the Saturday pattern, and the Sunday would follow the typical Sunday pattern.
Holidays that fall mid-week could also be so mapped. This is the reason that long holiday
events (i.e., several days off from work) can be much more prone to ID crashes than the normal
weekend. There could be a cumulative effect that could show up at any time of the day for some
problem abusers. Recently the trend on the pre-Thanksgiving week has been for the holiday to
start earlier and earlier in the week, so that Wednesday itself is not one of the worse crash days
of the year, as it had been a decade or more ago. This if favorable in reducing the concentration
of the traffic and the resultant conflicts.

Time of Day

It is no surprise to find ID crashes over-represented during the late night/early morning hours.
The extent of these over-representations, however, is quite amazing. The blue bars above follow
the typical traffic patterns of high traffic in the morning and afternoon rush hours. 1D crashes are
just getting started in the afternoon rush hours and they continue to grow through midnight and
the early morning hours, not tapering off until about 5:00 AM. It is clear that if selective en-
forcement is going to have an effect on ID crashes, it would have to be conducted at the times
when these crashes are most occurring. Optimal times for enforcement would start immediately
following any rush hour details, and would continue through at least 3:00 AM.

So generally, the worst times in any day are given in red for that day. This works well for Satur-
day and Sunday mornings, and also for Friday night. Why does it not work for Saturday night?
The answer is that Saturday morning has drained all the red into its cells, so to speak, and there is
none left over for Saturday night. Note, for example, that the frequencies of crashes on Saturday
exceed those on Friday for all time slots. However, because of the high numbers and proportions
on Saturday morning, the proportions on Saturday night are lower despite the frequencies being
higher. We urge users to look at both the numbers and the colors. This is also especially true
when the numbers in all of the cells is relatively low. When the cell numbers get less than 20, it
is best to ignore the colors and just look at the cell frequencies to get a feel for the situation.
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! Eile  Dashboard  Filters  Analysis  |mpact Locations Tools  Window Help - 2 X

2014-2017 Alabama Integrated Crash Data v-FY2015-201?AND Dul vl?n 1/ 172014 I1Df15f’2D1? .

| Order: |Max Gain v| ‘Descending v H [] Suppress Zerc-Valued Rows |§g-iﬁcmce: |O\rer Representation v| Threshold: | 20 E"

Subsst  Subset Other Other Max G A || C001: County a
Frequency Percent Frequency  Percent i ST C002: City

12:00 Midnight to 12:59 AM 1038 566 106 C003: Year
1:00 AM to 1:59 AM 1083 590 0.85 C004: Manth

C005: Day of Month
2:00 AM to 2:59 AM 1027 5.60 078
C006: Day of the Week

ST GRS B gale 0n : CO07: Week ofthe Year
4:00 AM to 4:59 AM 574 313 0.84 ( Time of Day

5:00 AM to 5:59 AM 247 150 ; C009: Data Source
500 AM to 6:59 AM 185 C010: Rural or Urban

C011: Highway Classifications
TELDR e TR all B C012: Controlled Access

8:00 AM to 8:59 AM 163 L ) C013: E Highway Side

9:00 AM to 3:59 AM 125 . C015: Primary Contributing Circumstan
10:00 AMto 10:59 AM 166 ] ] ‘ C016: Primary Contributing Unit Mumbe
CO017: First Harmful Event

C018: Location First Harmful Event Rel t
1200 Noon to 12:53 PM : : C019: E Most Harmiul Event

1:00 PMto 1:59 PM . ! . C020: E Distracted Driving Opinion

2:00 PMto 2:55 FM { . ; C021: Distance to Fixed Object

C022: E Type of Roadway Junction/Feat,
C023: E Manner of Crash

C024: School Bus Related

5:00 PMto 5:55 FM : : : C025: Crash Severity

6:00 PMto 6:59 PM . I . CO026: Intersection Related

7:00 PMto 7:59 M : . : C027: AtIntersection

C028: Mileposted Route

RS N C029: Lighting Conditions

SN e 2 ! C030: Weather

10:00 PMto 10:53 PM C031: Locale

11:00 FMto 11:59 FM . [ ] Sort by Sum of Max Gain
0 0 lar & [] Display Filter Name

2014-2017 Alabama Integrated Crash Data
CO08: Time of Day

11:00 AMto 11:59 AM 1.86

3:00 PMto 3:59 PM
4:00 PMto 4:53 PM

Frequeney

4:00 AM to 4:558 AM 5:00 AM to 9:59 AM 2:00PMto 2:55 PM
C008: Time of Day
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Time of Day by Day of the Week

H File  Dashboard  Filters  Analysis  Crosstab  Locations  Tools  Window  Help

2011-2015 Alabama Integrated Crash Data

Suppress Zero Values: w || | Select Cells: [&] - Column: Day of the \Week ; Row: Time of Day

Saturday TOTAL

12:00 Midnight to 472 1308
12:59 AM B.BE%

7:00 AM to 7:59
AM

8:00 AM to 8:53
AM

5:00 AM to 9:59
AM

10:00 AM to 10:59
AM

11:00 AM to 11:59
AM

12:00 Noon to
12:55 PM

1:00 PM to 1:53
PM

2:00 PM to 2:59
PM

3:00 PM to 3:59
PM

4:00 PM to 4:59
PM

5:00 PM to 5:59
PM

£:00 PM to 6:59 247
FM 7.22%

7:00 PM to 7:59 220
P £43%

8:00 PM to 8:59 252
FM 7.36%

9:00 PM to 9:59 m
FM 7.92%

10:00 PM to 10:59 244
P 7.13%

11:00 PM to 11:59 208
FM 6.08%

2

0.06%
U2
1049%

The Time of Day by Day of the Week cross-tabulation (given in the next section) shows the opti-
mal times for selective enforcement, with one qualifier: Saturday night (before midnight). This
is an excellent example to demonstrate how the color coding of CARE cross-tabulations can be
misleading in some special cases. The red background indicates that the over-representation of
the cell is greater than expected. The expected proportion for all cells in a given row is given at
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the extreme right in the total row percentage for that row. If there were absolutely no over-repre-
sentations for the columns, then all of the proportions for that column cell would be identical to
the one for the total. Notice for example, the 12 midnight to 12:59 AM row has a total percent-
age value of 5.85%. Those that are under this value have a neutral (white) background. Those
that are higher, but not more than 10% of the proportion are yellow; and those above 10% of the
proportion are red.
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Factors Affecting Severity

ID Crash Severity

The following compares crash severities for ID (Subset, red bars) vs. Non-ID crashes (Other,
blue bars).

ﬂ File  Dashboard  Filters  Analysis  Impact Locations Tools Window  Help

2014-2017 Mlabama Integrated Crash Data FY2015-2017 AND DUI

Order: | Max Gain v | Descending v || [] Suppress Zero-Valued Rows Significance: |Over Representation v | Threshold: | 2.0 El

C025: Crash Seventy| Cther Me G C020: E Distracted Driving Opinion -
o ax L3ain
Percent C021: Distance to Fixed Object

0.46 536.363 | | C022: E Type of Roadway Junction/Feat

Incapacitating Injury . 169 1490 74p | | ©023: E Manner of Crash
C024: School Bus Related

Non-| acitati i 7.04 X 1781.916
Incapacitating Injury C025: Crash Severity

Possible Injury 340 - 47331 | | C026: Intersection Related
Property Damage Only i X -3711.765 | | CO27: At Intersection

Unknawn 273 - 45322 [ ] Sort by Sum of Max Gain

0 0 & & | [] Display Filter Name
2014-2017 Alabama Integrated Crash Data
C025: Crash Severity

Frequency

itati N itati Possible Injury Fropery
Injury Injury Damage Only

Fatal Injury

C025: Crash Severity

The rate of fatal injury crashes and the two highest injury classifications are consistently higher
in ID crashes than that of non-ID crashes. Fatality crashes have over seven times their expected
proportion, while the two highest non-fatal injury classifications have over twice their expected
values when compared with non-impaired driving crashes. The Speed-at-Impact variable, con-
sidered next, indicates one of the primary reasons for this.
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Speed at Impact

ﬂ File  Dashboard  Filters  Analysis  Impact Locations Tools Window  Help

2014-2017 Alabama Integrated Crash Data v Fr2015-2017 AND DUl M Ed ¢ Rt 1041672017

Order: | Max Gain w | |Descending v || [#] Suppress Zero-Valued Rows Significance: | Over Representation + | Threshold: 2.0

C224: CU Estimated Speed at Impact] Subset Subset Other e LAl C224: CU Estimated Speed at Impact
- Frequency Percent Frequency ax laain

31to 35 MPH 77 673 15166 23157
36to 40 MPH 761 6.59 13634
41to 45 MPH 20345
46to 50 MPH 882 764 10023
51to 55 MPH 1586 16104
56to 60 MPH 942 7100
61to 65 MPH 822 8283
66to 70 MPH 753
T1to 75 MPH 263
322
133
102
27
77
40

76to 80 MPH
81to 85 MPH
86to 90 MPH
91to 95 MPH
96to 100 MPH
Over 100 MPH

0 W& & [] Display Filter Name

2014-2017 Alabama Integrated Crash Data
C224: CU Estimated Speed at Impact

[ ] Sort by Sum of Max Gain

Frequency

o ——

16to 20 MPH 41to 45 MPH 66to 70 MPH 911095 MPH
(C224: CU Estimated Speed at Impact

It should be noted that the speed limit on country roads is generally 45 MPH. All speeds above
40 MPH are dramatically over-represented, and the over-representation increases with the in-
crease in impact speeds, from about 1.6 at 45 MPH to 11.6 at 100 MPH.

The next cross-tabulation quantifies how this relates to the severity of the crash for 1D crashes.
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Severity by Impact Speed
The following display presents information on the effect of increased impact speed on the sever-

ity of the crash.

a File  Dashboard  Filters  Analysis  Crosstab  Locations Tools Window  Help - 8 X

2014-2017 Alabama Integrated Crash Data v - FY2015-2017 AND DUI v I? 1/ 1/2014 w I‘ID!‘IG;"ZD‘I? v I
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7 2
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1.89% 185% . 268%
&5 105 777
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410%
269
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13
0.72%
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0.56%
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0.15%
77
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4
0.22%
2
0.50%
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CUis Nota 13
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20
. . . 0.11%
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Notice the red in the fatality and severe injury cells as speeds increase. What is more enlighten-
ing is the probability that the crash results in a fatality as a function of impact speed. In the 41-
45 MPH impact speed the probability is only a little over one in every 55 crashes. As impact
speeds climb to the 51-55 MPH, this probability more than doubles to one in about 24 crashes.
At 61-65 MPH it increases again (exponentially) to one in about every 16 crashes, and at 71-75 it
is about one in eight, which is about double again. For above 90 MPH it is about one in 4
crashes.

The rule of thumb is that for every 10 MPH increase in speeds, the probability of the crash being
fatal doubles. Conversely, a reduction in impact speeds by 10 MPH would cut the number of fa-
tal crashes in half. This is the reason that selective enforcement is effective. However, there is
another major factor in effect as well — the failure of ID drivers to be properly restrained, which
will be covered in a separate attribute below (Restraint Use by Impaired Drivers).

It was found in a comparison of the first 9 months of 2017 vs. 2016 that there was a dramatic de-
crease in fatalities caused by ID. Further analyses determined the reason for this was the reduc-
tion in impact speeds. In FY2016, 54.3% of the impact speeds were 50 MPH or above; in
FY2017 this number was reduced to 50.3%. This reduction in impact speeds for ID crashes is
the major cause of the reduction in ID fatality crashes in FY2017 as shown in the next section.
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Severity of ID Crashes Comparing FY2016 vs FY2017

The following display shows the reduction in FY2017 (Other, blue bars) that occurred as com-
pared to FY2016 (Subset, red bars). The reduction was from 226 to 188, which was a 16.8% re-
duction in ID fatal crashes. The proportions do not show as dramatic a decrease since the overall
number of 1D crashes also was also down significantly, from a total of 6304 crashes (all severi-
ties) to 5808, which was a 7.9% overall decrease. So both the overall crashes and the fatality
crashes were reduced, but the reduction in the fatality crashes were obviously much greater than
that of the overall crashes.

ﬂ File  Dashboard  Filters  Analysis Impact Locations Tools Window Help

2014-2017 Alabama Integrated Crash Data FY2016 And DUI (Alcohol or Drugs)

QOrder: | Max Gain v | Descending v | [] Suppress Zerc-Valued Rows Significance; |Over Representation v | Threshold: 2.0 EI

Cther Other Max Gai C025: Crash Severity
Frequency Percent 3T 4]

Fatal Injury : 188 324 21945
Incapacitating Injury 75 11.62 12.355
Mon-Incapacitating Injury i 514 15.74 143545
Possible Injury . 583 10,04 . -33.788
Property Damage Only ¥ 3305 56.50 -§5.245
Unknown . 143 246 l 0.788 | [ Sort by Sum of Max Gain

0 0o & & | [] Display Filter Name
2014-2017 Alabama Integrated Crash Data
C025: Crash Severity

Frequency

! [ (I I |
Fatal Injury Incapacitating Non-Incapaciiating Passible Injury Propeny
Imjury Injury Damage Only

C025: Crash Severity
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Restraint Use by Impaired Drivers

The following display presents a comparison of ID driver safety belt use against those who were
not ID in the same time period.

a File  Dashboard  Filters Analysis |mpact Locations Tools Window Help

2014-2017 Alabama Integrated Crash Data v FY2015-2017 AND DUI M kd ¢ R 10/16/2017

Order: | Max Gain w | |Descending v | [¢] Suppress Zero-Valued Rows Significance: | Over Representation “  Threshald:

C323: CU Driver/Non-Motonst Safety Equipment Subset Cther
== Tequency Percent Frequency

» | None Used - Motor Vehicle Oc... 3421 2401 10116
Shouider and Lap Belt Used 10825 75.99 355827 Sort by Sum of Max Gain

0 ® e 2 [] Display Filter Name
2014-2017 Alabama Integrated Crash Data
€323: CU Dri ist Safety Equi

Frequency
3

o o
Mone Used - Motor Vehicle Occupant Shoulder and Lap Belt Used
C323: CU Driver/Non-Motorist Safety Equipment

Risk-taking involved in ID does not stop with excess speed,; it extends to not being properly re-
strained. The above analysis demonstrates that the impaired driver is close to nine (8.687) times
more likely to be unrestrained as in the non-ID crash. The next analysis demonstrates how this
contributes to fatality crashes.
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Fatality Crashes by Restraint Use for Impaired Drivers

ﬂ File  Dashboard  Filters  Analysis  Crosstab  Locations Tools Window  Help

2014-2017 Alabama Integrated Crash Data Fr2015-2017 AND DUL

Suppress Zero Values: None v || setectcets: - ¥ Column: Crash Severity : Row: CU Driver/Non-Matorist Safety Equipment

Incapacitating Mon- ) ; Property Damage ~
Injury Incapacitating Inju Peossible Injury Only Unknown

Fatal Injury |

None Used - 53
Matar Vehicle Oc | ¥ 8% 03% 11.73%

Shoulder and Lap 173
Belt Used EG A46% E0% 3% 58% 3827

A comparison of the probability of a fatal crash indicates that a fatality is almost six (5.82) times
more likely if the impaired driver is not using proper restraints. The probability is estimated by
326 fatality crashes out of 3,421 when restraints were not used (=1 in 10.5), as opposed to only
177 fatal crashes out of 10,825 crashes when restraints were used (1 in 61.2). So the combined
effect of lower restraint use and higher speed is a devastating combination that accounts for the
high lethality of ID crashes. But that is not all; see the following three items for additional
related information.
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Number Injured (Including Fatalities)

The following display presents a comparison of 1D crash number of injuries against number of
injuries in crashes that were not ID in the same time period.
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The above shows that not only are ID crashes more severe to those injured, but also the number
of multiple injuries in these ID crashes is over-represented as well. Some might suspect that an
ID crash might involve just a driver returning home from a night of indulgence. However, rarely
is the impaired driver alone, and, of course, if another vehicle is involved, then that would also
generally increase the number of injuries. It is interesting that all of the multiple-injury catego-
ries are over-represented.
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Police Arrival Delay
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ID crashes generally had longer police arrival delays; in this case all arrival delays over 30
minutes were over-represented. There can be little doubt that this has to do with the rural nature
of these crashes and the potential that at night they would not be discovered for some time. The
analysis below shows how this impacts EMS arrival time, which is a comparison of crashes that
include injuries, and thus would generally call for an EMS response.
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EMS Arrival Delay
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For much the same reasons as the longer police arrival delays, EMS delays were over-repre-
sented for impaired driving crashes in all categories above ten minutes, and dramatically for the
very longer times of 61 minutes and above (indicated by the red background in the table). This
obviously contributes to the severity of crashes and the chances that the crash results in one or
more fatalities. As for the very long times, these might be due to the delay in discovering the
crash since they generally over-represented late night in rural locations.
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Driver and Vehicle Demographics

Driver Age

The following display presents a comparison of ID crash causal driver age against the same for
crashes that were not ID in the same time period.
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The blue (non-ID) bars illustrate the problems that 16-20 year old drivers have in general. On
the bright side, these issues are not generally caused by ID up until ages 19 and 20, and even at
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these ages they are under-represented. The first age with a significant over-representation starts
at age 24 and continues on to age 55. It is clear that the legal drinking age is having a very posi-
tive effect on keeping the numbers down for the 16-20 year old drivers, and any attempt to de-
crease this legal age should be fought strenuously by the traffic safety professionals despite evi-
dence to the contrary presented by other disciplines.

There is a bi-modal distribution in the 21-55 year olds; 21 through about 35, and a second group
from 36 to 54. Generally the first of these might be classified as social drinkers. However, it is
hard to escape the fact that those who are in their late 30s up through their middle ages would not
be largely problem drinkers. Countermeasures for these two groups will typically be quite dif-
ferent.

Impaired Driver Gender
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The red bars and the blue bars each sum to 100%. So the breakdown in male IS causal drivers is
74.84% male and 25.16% female. For non-ID, the percentage is 55.03 male and 44.97 female.
These differences certainly indicate that males are a far greater issue, and if there are counter-
measures that can be directed toward them, doing so would be much more cost-effective, all
other things being equal.
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Causal Vehicle Types with 30 or more Crashes

The following display presents a comparison of ID crash causal unit type against the same for
crashes that were not ID in the same time period.
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Vehicles types with less than 30 crashes in the ID dataset were removed for the above display,
and pedestrians were considered a unit type. While pickups have the highest MaxGain indicting
the greatest potential for reduction, Motorcycles, Pedestrian and ATVs all have higher over-rep-
resentations but their MaxGain is lower because of their lower frequencies. Of interest is the
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proportion of pedestrians and off road 4-wheelers that involve ID, both of which are over two
times their expected proportion. So the major finding of this analysis is that motorcycle, pedes-
trian and 4-wheeler crashes have far more than their share of 1D causation.

Driver License Status

ﬂ File  Dashboard  Filters  Analysis |mpact Locations Tools Window  Help

2014-2017 Mlabama Integrated Crash Data v FY2015-2017 AND DUI 1 T 1/ 1/2014 101652017 ’

Order; | Max Gain v | | Descending v | [¢] Suppress Zero-Valued Rows Significance: | Cver Representation v | Thresheld: | 2.0 El

C114: CU Driver License Siatus| Subset Subset Cther e C114: CU Driver License Status
- Frequency Percent Frequency E3EED

] Suspended 10.26 5738 { 891 173227
Revolked 83 3786 A 1122.241
Expired 1.95 3537 L i 152,617
Left State 112 I : 25.333
E Test Required 0.05 82 I . 4583
E Administrative Disqualfied (C... 0.01 8 i 1 0.667
Denied 003 136 I . -0.667

Curent/Valid 352036 : 831 (] Sort by Sum of Max Gain

00 |ar & [] Display Filter Name

2014-2017 Alabama Integrated Crash Data
C114: CU Driver License Status

Frequency

R

Left State ETestRequired E Administrative
Disquslified
{COL only)

C114: CU Driver License Status

Clearly ID crashes are so over-represented in 1D causal drivers without legitimate licenses that
the question might be asked: Does suspending or revoking their licenses even make a difference?
Some states have gone so far as to make it a mandatory arrest if a driver is found to not have a
current license. The results of this analysis need to be given serious consideration by those de-
termining the direction of the legislative process regarding ID. It seems clear that the suspen-
sion/revocation of licenses is not bringing about the desired effect.
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Driver Employment Status
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In our current era when the economy is playing such a big role in traffic safety, the quantification
and tracking of the employment proportion of drivers involved in ID crashes will be important.
This indicates that their unemployment rate is about 90.7% higher than expected. This is proba-
bly not unexpected, and the correlation between not having a job and being involved in an ID
crash should be watched carefully going forward in that it could affect the type and location for
countermeasures.
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Summary of Findings

The following summarizes the findings of the problem identification analyses given above:

e General Comparison of FY2017 against FY2015-2016

(0}

Overall crash frequencies got FY2017 were about 5000 crashes higher than the
average of FY2015-2016. Total crashes in FT2017 were only about 1560 fewer
than in FY2016. Thus, there is nothing in the overall crash picture that would
suggest that FY2017 should not be comparable to FY2015-2016, or even to
FY2016 alone.

In a comparison of the fiscal years, overall fatal crashes were up by 22.8% in
FY2016 over FY2015, and this only came down by 2.1% in FY2017.

A similar a comparison of the fiscal years of ID fatal crashes showed an increase
of 9.2% in FY2016 over FY2015, and this only came down by 1.7% in FY2017.
On the other hand, there was a remarkable decrease in the proportion of fatal
crashes caused by ID to the overall number of fatal crashes for each year. Over
the three fiscal year periods (FY2015-2017), the proportions were 27.0%, 24.0%
and 20.4%, a significant overall reduction of reported ID fatal crashes of 6.6%.
The reason for this was given intensive analysis in the Factors Affecting Severity
Section.

e Geographical Factors

0}

County - Generally, the over-represented counties are those with combined large
population centers and large rural areas, as opposed to the highly urbanized coun-
ties or the extremely rural counties. One reason that the highly urbanized counties
are under-represented is the large number of low severity crashes that occur there
separate and apart from ID crashes. See the rural-urban comparison below.

Rural Areas with the Greatest Increases in FY2017 — several virtual cities (rural
areas of counties) were found to have over twice the proportion of 1D crashes
compared to their proportions in FY2015-2016. Place in Max Gain order, the
ones with the highest potential for reduction were (all rural areas of the following
counties): Cullman, Blount, Houston, Coffee, Colbert, and Pike.

City Comparisons of ID crashes by Total ID Crash Frequency. There is little sur-
prise in this output, which tracks the areas by population. Traffic safety profes-
sionals should look for any locations that fall counter to this trend.

City (and area) Comparisons within Crash Frequency Ranges — analyses were
performed for those areas that had 100-200 ID crashes as well as those that had
60-100 ID crashes. There are presented separately to present fair comparisons
among the various areas.

Overall Area Comparisons Conclusions —Generally those rural areas that are adja-
cent to (or contain) significant urbanized areas are over-represented, since their
urban areas generate more traffic even in the rural areas. Possible factors for rela-
tively fewer severe ID crashes within urban areas include:
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= Less need for motor vehicle travel and shorter distances to the drinking es-
tablishments;

= Larger police presence in the metropolitan areas; and

= Lower speeds in rural areas.

0 The city, county, and area comparisons are, of necessity, a selection of the total
outputs that could be generated. They are given to illustrate the capabilities as
much as to present the numerical results. Anyone wishing additional studies or
outputs, please contact CAPS — see e-mail address above.

o0 Severity of Crash by Rural-Urban — While only about 42% of crashes occur in ru-
ral areas, nearly 67% of the fatal crashes occur there. Similar results are found for
the highest severity non-fatal crashes. This is obviously the result of higher im-
pact speeds in the rural areas. Note that additional causes of increased severity
are given in the Factors Affecting Severity Section.

0 Rural or Urban ID Crash Frequency — Not only are impaired driving crashes more
severe in rural areas, but their frequency is about the same as in the urban area,
despite the much lower population and traffic volumes (about 42% rural as com-
pared to about 58% urban). While only 22.44% of the crashes are expected in the
rural areas, the proportion of crashes in the rural areas is over 42.14%, or very
close to double its expected value (Odds Ratio = 1.965).

o Highway Classifications — County roads had well over twice their expected pro-
portion of crashes, while all other roadway classifications were under-represented.
County road characteristics no doubt contribute to the crash frequency. County
roads are also known to be less “crashworthy” (i.e., they result in more severe
crashes at comparable impact speeds).

0 Locale — Reflecting the rural over-representation, open country and residential
roadways show a high level of over-representation as compared with the more ur-
banized area types, especially Shopping or Business, which only has about half of
its expected proportion.

e Time Factors

0 Year — adiscussion of the overall crash, fatal crash and ID fatal crash frequencies
by year were given in the section above entitled IS Update for FY2017 that ap-
pears right after the Introduction. The display in the Year attribute section pre-
sents and discusses the three fiscal years according to their calendar year occur-
rences.

0 Month — There only significant over-representations by month was in February
and March, indicating that the number of ID crashes correlated well with the other
crashes during the rest of the months. None of the months were significantly un-
der-represented.

o0 Day of the Week — This analysis is not only useful for the typical work week, but
it also reflects the typical “holiday weekend” patterns. The days can be classified
as follows:
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= Typical work weekday (Monday through Thursday) — these days are un-
der-represented in ID crashes due to the need for many to go to work the
following day.
= Friday - this pattern is also reflected in the day before a weekend (or holi-
day), i.e., before a day off. The high ID frequency on this day is due to
those who are getting an early start to the weekend, recognizing that they
have no work responsibilities the following day.
= Saturday — the “Saturday” pattern is the worse for ID crashes in that it has
both an early morning component (like Sunday) and a late night compo-
nent (like Friday). So, it could be viewed as a combination of the typical
Friday and Sunday.
= Sunday - since this is the last day of a holiday sequence or weekend, its
over-representation comes strictly from those who start on Saturday night
and do not complete their use of alcohol/drugs until after midnight.
“Holiday Weekends” — these can be viewed as a sequence of the weekend-pattern
sequence. For example, the Wednesday before Thanksgiving would follow the
Friday pattern assuming that most are at work on Wednesday. The Thursday, Fri-
day and Saturday would follow the Saturday pattern, and the Sunday at the end of
the weekend would follow the typical Sunday pattern. This is the reason that long
holiday events (i.e., several days off) can be much more prone to ID crashes than
the typical weekend. Three-day weekends typically give Monday off, so that
Monday would behave like the typical Sunday, and both the Saturday and Sunday
would follow the Saturday pattern.
Time of Day — The extent to which night-time hours are over-represented is quite
striking. Optimal times for ID enforcement would start immediately following
any rush hour details, and would continue through at least 3 AM.
Time of Day by Day of the Week — This quantifies the extent of the crash concen-
trations on Friday nights, Saturday mornings and Saturday nights and early Sun-
day mornings. This is a very useful summary for deploying selective enforcement
details.

e Factors Affecting Severity

(0]

ID Crash Severity -- The rate of injuries and fatalities are consistently higher in
ID crashes than that of non-1D crashes. Fatality crashes are over seven times their
expected proportion, while the two highest non-fatal injury classifications have
over twice their expected values when compared with non-impaired driving
crashes The odds ratio is over three (3.204) for the highest non-fatal classifica-
tion, Incapacitation Injury. The other variables analyzed in this section give the
reasons for this disparity.

Speed at Impact — All impact speeds above 45 MPH are dramatically over-repre-
sented. See the next attribute.
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0 Severity by Impact Speed —Past analyses have found the general rule of thumb
that for every 10 MPH increase in speeds, the probability of the crash being fatal
doubles. This was validated in the discussion of the cross-tabulation.

o0 Severity Comparison FY2017 vs FY2016 — There was a reduction from 226 in
FY2016 to 188 in FY2017, which was a 16.8% reduction in 1D fatal crashes.

Both the overall crashes and the fatality crashes were reduced, but the reduction in
the fatality crashes were obviously much greater than that of the overall crashes.

0 Restraint Use by Impaired Drivers — The impaired drivers are close to 9 times
more likely to be unrestrained than the non-ID causal drivers. Clearly ID drivers
lose a good part of their concept of risk when they are willing to drive while being
impaired.

o Fatality Crashes by Restraint Use for Impaired Drivers — A comparison of the
probability of a fatal crash indicates that a fatality is almost six (5.82) times more
likely if the impaired driver is not using proper restraints. With restraints, one in
61 ID crashes are fatal; but without restraints, the fatal crash ratio is 1 in about 11.
So the combined effect of lower restraint use and higher speed is a devastating
combination that accounts for much of the high lethality of ID crashes.

0 Number Injured (Including Fatalities) — Not only are ID crashes generally more
severe to the driver, but the number of multiple injuries in these ID crashes is
over-represented as well. This might have something to do with the preference of
those going out to socialize to take some of their friends with them.

o Police Arrival Delay — ID crashes generally had longer police arrival delays; in
this case all arrival delays over 31 minutes were over-represented. There can be
little doubt that this has to do with the rural nature of these crashes and the poten-
tial that the late night occurrence might not be discovered for some time.

o0 EMS Arrival Delay — Higher EMS delays were over-represented for impaired
driving injury crashes in all categories above ten minutes, and dramatically for the
very longer times of 46 to 60 minutes and above. This obviously contributes to
the severity of crashes and the chances that the crash results in one or more fatali-
ties. As for the very long times, these might be due to the delay in discovering the
crash as much as their generally over-represented rural locations.

e Driver and Vehicle Demographics

o0 Driver Age — Younger (16-20 year old) drivers have a very serious problem in
crash causation even in the absence of impairment. However, these crashes are
not generally caused by ID up until ages 19 and 20, and even at these ages they
are under-represented. At 23, the first age over-representation takes place and
continues on to age 55. There is a bi-modal distribution in the 21-54 year olds;
21 through about 35, and a second group from 36 to 55. Generally, the first of
these might be classified as largely social drinkers; while it is inescapable that the
middle aged caused ID crashes would be largely problem drinkers.

o0 Impaired Driver Gender —Males are a far greater issue in 1D crashes, and if there
are countermeasures that can be directed toward them, doing so would be much
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more cost-effective than those that are not gender based, all other things being
equal.

Causal Vehicle Type — Pick-ups, which up had a significant over-representation
and came out at the top of the Max Gain order because of their large number of
ID involvements. Motorcycles were also highly over-represented. Also of inter-
est is the proportion of pedestrians that involve 1D, which is close to three times
their expected number. ATVs had the highest over-representation (Odds Ratio =
4.580), perhaps because drivers do not believe that the 1D laws apply to them as
long as they are not on the public highways.

Driver License Status — ID crashes are very highly over-represented in causal
drivers without legitimate licenses challenging the effectiveness of license sus-
pension and revocations as a traffic safety countermeasure, at least after the fact.
There is no way to estimate its deterrent value.

Driver Employment Status —ID driver unemployment rate at 37.38% is about 90%
higher than expected. This factor will be watched carefully going forward.
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