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Background
A Safe Systems Approach

A Total deaths attributable to 2014 Ebola outbreak |
West Africa?

A Total global deaths attributable to 20@2010
Swine flu (H1N1) outbreak?

A Total global deaths attributable to roadway crashe



Background

A Total global deaths attributable to Bird flu (H5SN1)
from 2003- 20147 407

A Total deaths attributable to 2014 Ebola outbreak |
West Africa?1,310

A Total global deaths attributable to 20@2010
Swine flu (H1IN1) outbreak?8.000

A Total global deaths attributable to roadway crashe
1.2¢ 1.5 million per year



Background

A One death is a tragedy; one million is a statistic

I Joseph Stalin
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Background

Crash Costs for Highway Safety Analysis

A How do we weigh the costs of
crashes?

FHWA Safety Program

( J Safe Roads for a Safer Future
‘ gwmﬂml in roadway safety saves lives

US.Department of Transportation
Federal Highway Administration




Background
Costs of Crashes

services (EMS), fire services, and incident management
services at the scene of the crash.

A Medical serviceprovided in the emergency rooms, in
hospitals as inpatients and outpatients, out of hospital costs
(e.g., physical therapy, rehabilitation, prescriptions, prosthetic
devices, home modifications), and coroner services in the
event of fatal injuries.

A I\/IaArketAproductivity Iossdqe to lost wages and fringe
OSYSTAUA 20SNJI 0KS OAOUAYQa
present value



Background

Costs of Crashes ~ [=

A Household productivity lossglue to the lost ability to perform
normal household responsibilities (i.e., related to victims and
other family members caring for victim), equivalent to the
present value of hiring a person to accomplish the same task

A ;w_“_w,,

A Insurance administration tprocess insurance clain(e.g.,
YSRAOItT SELSyasSas fAFoAfAGES
welfare payments, sick leave, property damage, life
Insurance) resulting from the crash, and the cost of attorneys

A22NJ] L I OS O2ai0a RdzS (8.g,néw S
employee retraining, overtime to accomplish work of the

Injured employee, administration of processing personnel
changes).



Background
Costs of crashes

A Legal costglue to operating courts and fees during civi
litigation resulting from the crash.

A Congestion impactslue to travel delay to those not involved
In the crash, added fuel consumption, and increased
pollution.

A Property damagdo vehicles, cargo, roadways, and roadside
furniture.



Background

Crash Costs for Highway Safety Analysis

Severity Comprehensive Crash Unit Cost (2016 dollars)
$11,295,400
A $655,000
B $198,500
C $125,600
O $11,900

.

FHWA Safety Program

e Safe Roads for a Safer Future

Investment in roadway safety saves live:

US.Department of Transportation
Federal Highway Administration




Background
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8. 6 crashes/mlle a7 . 4.2 crshes/mile
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Background

TRAFFIC ENGINEERING HANDBOOK

Co-editors

HAROLD F. HAMMOND
LESLIE J. SORENSON -

1949 Edition

A JoINT PUBLICATION
of
INSTITUTE OF TRAFFIC ENGINEERS
and
NATIONAL CONSERVATION BUREAU
NEw York, NEw York




Background

- TRAFFIC ENGINEERING HANDBOOK

Co-editors

HAROLD F. HAMMOND
LESLIE J. SORENSON -

A JoINT PUBLICATION
of
INSTITUTE OF TRAFFIC ENGINEERS
and
NATIONAL CONSERVATION BUREAU
NEw York, NEW York

Estimated Cost of Accidents

In 1940 there were 34,500 deaths, 1,200,000 non-fatal injuries and 5,200,000 cases
of property damage only, involving automobiles in the United States. In “Accident
Facts—1941 Edition,” the National Safety Council estimates the economic loss of
these accidents at $1,600,000,000. This includes damage to property, hospital and
medical treatment of the injured, wage losses of those disabled, and calculated life
values of persons killed.

Methods of Estimating Accident Costs

At least four methods of estimating accident costs are in use, the choice depending
upon the degree of accuracy that is desired.

Based on Traffic Deaths. A city, county, or a state can roughly estimate the cost
of all of its traffic accidents by a method sometimes used by the National Safety
Council, involving the multiplication of the number of deaths by $45,000, which is the

average total cost of a death plus 35 personal injuries and 150 property damage acci-

dents, the average ratios for these tvpes.

The New Jersey Motor Vehicle Depart-

Based on the Number of Accidents. $500 to $1,000,

ment uses a method of multiplying the total number of accidents by
depending upon their estimated severity.
the Traffic Division, Na-

Based on Severity of Accidents. A method used by g -
1 injury acci-

tional Conservation Bureau applies $10,000 per death, $300 per persona
dent, and $50 per property damage accident.

More Detailed Method. Where the number of deaths in a community is less
than 10 or the ratio of deaths to injuries varies considerably from the average of
1 to 35, the National Safety Council recommends a more precise mCthOd_O_f s
determination. This is based on mortality tables and average earning capacities for
different ages and classes. Losses from individual deaths, exclusive of personal
injuries and property damage are based on the following schedule:

Cost per Person

Age and Color Male Female
0-14 years old
WHITE  criis snie s wims wiise socs .... $ 6,000 $2,000
Colored .........covveeiinnnnn. 3,500 1,500
15-64 years old
WNILE _wsorspn v nrosss muies g @ 15,000 8,500
COlOFEd, civey snsmmms mams sini onis 10,000 6,000
65 years and older
White ....oviiiiiii i 5,000 1,500

Lolarel  coouvvuss aeey s & e s 2,000 1,000




Background
New Highway Safety Manual of 2010

A Methodology is like that for assessing and assuring the
adequacy of Capacity

A HSM allows the transportation professional to understand
and quantify highway safety performance for informed and
balanced decision making

HIGHWAY
CAPACITY HIGHWAY

MANUAL v
138 [Exiriesn
4@

-

-
HEM 5
AR




Background

Alabama?

A Alabama fatality rate per 100 MVMT is 1.26, national average
1.09

A Alabama fatality rate per 100,000 population is 16.9, national
average is 10.2

The chance of dying in a road traffic crash
depends on where you live
K - N

Americask )
\
I'i
S

Road traffic fatalities per 100 000 population

Western Pacific
e



Where there Is no data

A Nearly80%of road deaths in lowincome countries missing
A Nearly55%of road deaths in middléncome countries are missing

A Other missing information (e.g., roadway inventory, population data)

A Limited by:

U Knowledge and interest

U Finances

U Policy and framework (e.g., insurance systems)

A Qualitative data sources
U The internet
U Surveys (random vs. purposive)



Helmet usage

a) Observer during b) Sample observation with three passengers
data collection P1 = child, P2 = female, P3 = fv:mle

>

c) Driver on the second motorcycle d) Sample observation with passenger in front
wearing a helmet P1 = child, P2 = child (hidden), P3 = female



Attention Deficit Hyperactivity Disorder
T T

Mean Mean t P
How many times ...
.. at fault for an accident 0.12 0.16 0622 ns
.. had license suspended/revoked 0.23 0.48 -0.301 ns
... had bribe to keep from suspended 10.42 2.63 2.825  0.005
.. arrested for parking illegally 9.10 0.61 4761 <0.001
.. arrested for overspeeding 0.36 0.19 2243 0.026
.. arrested for not obeying traffic signs  0.39 0.17 1.893 0.004
.. ticketed for dangerous driving 0.04 0.02 0.743 ns
.. Hit a pedestrian/cyclist 0.15 0.07 1620 ns
... been suspended or fined by Union 0.29 0.89 0.445 ns
... stapped for driving while 0.00 0.01 -0.622 ns
intoxicated

% Yes % Yes X P
Have insurance rates increased as a
result of driving problems 28 4.8 0443 ns

Has insurance denied you a no clam
discount because of driving problems 3.2 24 0062 s




INDIGENOUS
KNOWLEDGEXPERIENTIAL
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Where there Is data

A Type of data to collect
A Quality of data

A Other missing information (e.g., roadway inventory, population
data)

A Limited by:

U Knowledge and interest
U Finances

U Policy and framework

A Qualitative data sources
U The internet |
U Surveys (random vs. purposive)



Examples of datdriven road safety from the US

AND AFTER BIG DATA
SOLVES ALL OUR PROBLEMS,
WE'LL RIDE AWAY ON
MAGIC FLYING UNICORNS.

FORECAST

\

® marketoonist.com



County Level
Income

Lot
Medium
I High

Humancentered traffic safety

Percent white Percent of fatal

male under 25 crashes caused by

involving DUI white male Under 25
C  Low e Low
() Medium @  Medum

High

O High .




Humancentered crash factors

Event: Primary Contributing Involving: Lives in:
Circumstances:

Eatalh bUI and No | Male 4—’ZL Sociocultural
= Seatbelt JHS acceptance of
g ¢ alcohol
ropou consumption
25 years
Low income
Country
No policy on
seatbelt use




Cause of causes

Event:

Fatal
Crash

Primary Contributing
Circumstances:

Seatbelt

DUIland NO fe—

Involving: Personal
attributes:
Male ‘—’ZL Inattentive
25 years .
y Sensation
seeker
Intolerant

Risk taker




Understanding human factors

Life style
Driving style
Driving habits
Demographics

Travel activitieg Crash frequenc

Human factorg Travel behavi Traffic safety

Exposure to rish Crash severity

Policies and laws
Culture

Socioeconomics

etc



Multilevel framework

Politics/Governance

Economic Conditions

Enforcement

Legislation/Policies

Ethnicity

Gender

Beliefs Personality
Values Skills
Habits Knowledge

Employment Status

Awareness Creation

Vehicle

Technology
Engineering

Education

Road

Culture/Ethnography

Demography




Human factors/behavior & psycholog

AAt every moment, individuals initiate the action plan that they have
appraised most positively given the courses of action that they are
considering and their understanding of their circumstances.

At KS O2NEB OzyOSNya F 2 NJ dzyRSNﬁul
szRSNﬁuIyRAya G§KS LJSNJézyQa AY
to respond to their circumstances are made.

AThis entails understanding:

(1) how does the person perceive the environment?

(2) What actions is the person considering for how to respond to
the environment?

(3) What outcomes is the person most prioritizing at the time of
action?

y
R



Field models

Sit 3 - avgS mph90 avgP HarshTicket

0.05
/ Elapied/Broke Law ) e
1 1 -0.05
. —
@® 1 A 08 > & — 1 & — o8
S0 Acted Crashed? No Crash Ticketed? No Ticket
1 0.5
0.1 @ e
\ Ticket
Q) zzozzzmmmmmmemmeeeeeeeeeeeeeeeee -0.5
Crash e
0.5

»- @ — 1
/'On'me\

—Hﬁ““h}_"mﬁ,os

N
Related to P
0.05

//

Own Health

Other’s Health




Multilevel framework

Politics/Governance

Economic Conditions

Enforcement

Legislation/Policies

Ethnicity

Beliefs

Values
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Vehicle
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Road
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Ghana crash records

" JANUARY TO JUNE 201 9,

View All Statistics

AN

6844 11167 1252 7043
Crashes Vehicles Involved Fatalities Injuries
Notice: compact(): Undefined variable: scriptin Notice: compact(): Undefined variable; scriptin Notice: compact(): Undefined variable: script in Notice: compact(): Undefined variable: scriptin

'home/nrsc/public_html/libraries/quix/app/elements/niimobee/nrsc/public_html/libraries/quix/app/elements/niinobee/nrsc/public_html/libraries/quix/app/elements/niimobee/nrsc/public_html/libraries/quix/app/elemen

tounter/view.php on line 29 counter/view.php on line 29 counter/view.php on line 29 counter/view.php on line 29

WWW.Nrsc.gqov.gh



http://www.nrsc.gov.gh/

Ghana crash records

Search Ghani

B Last Chance to Invest at 500k

™ Your Last Opportunity to Get an EB-5 Visa with a $500,000 Investment. A
.ews 20191103
Sports Business Entertainment TV / Radio

_ General News of Sunday, 3 November 2019 Source: Ghananewsagency.org

Home - News Road traffic accidents increase by 12.76 percent - Director-General

Archived News

Photo Archives «Prev | Next » | Comments (2) _e u
Video Archives ] ] ] )

Road traffic accidents in the country increased by 12.76 percent in
World News 2018, Dr. Anthony Nsiah-Asare, the Director-General of the Ghana
Elections 2016 Health Service (GHS) has stated.

Erl He said data compiled by the Motor Traffic and Transport Department

(MTTD) of the Ghana Police Service revealed that the number of
persons killed through that rose from 2,076 in 2017 to 2,341 in 2018.

Business
Crime & Punishment

Ghanaians Abroad Dr. Nsiah-Asare said this when he spoke on the topic “The Burden of

Road Traffic, Injuries and Death in Ghana" at the opening of the 18th
Annual General Meeting of the Medical Superintendent Group of
Ghana in Sunyani.

Health

Director-General, Ghana Health Service - Dr.
Politics Nsiah Asare

Regional
Under the theme “Reducing the Carnage on Our Roads, The Role of

RN,

Related Articles:
» EIB Network's DJ Seiho dies in ghastly crash

» Two persons die in Kintampo accident

« ‘Don't over speed’ - AMA boss advises to dnivers

= Six perish in two separate ghastly crashes in Volta, Eastern regions
» 4 dead after vehicles crash on Adidome-Sogakofe road


http://www.nrsc.gov.gh/

Data cleaning and variable
selection process



Ghana crash data 204217

Collision type Fatal | Hospitalized | Injured not hospitalized | Damage only | Total
Head on 1221 |1384 944 664 4213
Rear end 652 1635 2025 5630 9942
Right angle 214 632 717 1085 2648
Sideswipe 349 1226 1273 2604 5452
Ran off road 1101 [ 1648 1876 1677 6302
Hit object on road | 26 50 70 184 330
Hit object off road | 117 174 300 670 1261
Hit parked vehicle| 188 245 247 745 1425
Hit pedestrian 3424 | 4971 2169 12 10576
Hit animal 8 18 18 100 144
Total 7300 | 11983 9639 13371 42293




Snapshot of Ghana Crash records

ACCIDENT KEYNUMBER OF VEHICLESNUMBER OF CASUALTIESREGIONNO VEHICLES INVOLVE,  DATE  [pAY OF MONTH MONTH |  YEAR  |DAY OF WEEK TIME NO CASUALTIES KILLECNO CASUALTIES INJURECACCIDENT SEVERITYWEATHERLIGHT C
159136 2 006 2 1/1/2011 1 1 20116 5:00 0 04 "1 "1
159304 1 0/06 1 1/1/2011 1 1 20116 4:00 0 0 G "
159689 2 0/o4 2 1/1/2011 1 1 2011’6 3:00 0 0/a 1 2
159774 1 804 1 1/1/2011 1 1 2011’6 15:30 0 82 1 1
160016 1 304 1 1/1/2011 1 1 2011’6 4:30 1 21 "a 2
160056 2 004 2 1/1/2011 1 1 20116 9:20 0 04 f 1
160111 1 204 1 1/1/2011 1 1 20116 19:30 0 2" "1 £
160259 1 1404 1 1/1/2011 1 1 20116 14:30 3 1171 "1 "1
160320 1 104 1 1/1/20m1 1 1 2011’6 16:30 0 12 0 1
160716 2 310 2 1/1/2011 1 1 2011’6 6:00 0 32 1 1
160865 2 110 2 1/1/2011 1 1 2011’6 19:00 30 173 [ £
160916 2 1(10 2 1/1/2011 1 1 20116 22:05 1 01 6 £
161216 2 301 2 1/1/2011 1 1 20116 19:00 1 211 "1 £
161285 2 101 2 1/1/2011 1 1 20116 8:30 0 12 "1 "1
161588 2 1/01 2 1/1/2011 1 1 20116 19:00 1 01 "1 "1
162049 2 3/01 2 1/1/2011 1 1 2011’6 21:00 0 33 1 "
162443 1 1/01 1 1/1/2011 1 1 2011’6 9:00 0 12 0 1
162554 1 1701 2 1/1/2011 1 1 20116 14:30 0 13 f £l
162674 2 001 2 1/1/2011 1 1 20116 19:00 0 0 "1 1
163435 2 109 2 1/1/2011 1 1 20116 3:40 0 12 "1 "
163583 2 2/03 2 1/1/2011 1 1 20116 12:00 0 23 "1 "1
164314 1 2/03 1 1/1/2011 1 1 2011’6 19:00 0 23 1 "
164617 2 3/0s 2 1/1/2011 1 1 2011’6 8:00 0 173 0 1
164768 2 0/0s 2 1/1/2011 1 1 2011’6 15:30 0 0a 1 1
165284 1 305 1 1/1/2011 1 1 20116 15:40 0 37 "1 1




Snapshot of Ghana Crash records

ROAD SEPARATIONROAD WIDT$URFACE CONDITIONSURFACE REPAIRh_OCATION TYPEiTRAFFIC CONTROlkOLLISION TYPdHIT & RUN| ROADWORKStOLLISION CODEhOUTE NUMBEI#)IRECTION OF TRAVEIhCCIDENT DESCRIPTION
4 1 1 1 14 14 18 ¥

-
2 7.31 1 1 6 02 1 1 51 N10 1 REAR PORTION OV V2
. v ) v - - ) ) v v
2 71 1 1 1 05 1 1 21 N12 3 V1 RAN INTO A DITCH.
Y v . v - - - - v v
2 81 2 1 3 04 1 1 34 IR1 4 V2 GRAZED V1
Y v ) v - = , , v v
2 741 1 1 1 09 1 1 15 R41 2 PEDS
Y v y v y - y y v v
2 71 1 1 1 05 1 1 22 N4 3 V1 RAN INTO A DITCH
r r r r r r r r r
2 7.61 1 1 1 03 1 1 72 V2 RAN INTO V1
v - v - - - - v v
P 71 3 1 1 09 1 1 11 R32 1 PEDS
¥ ¥ r r r r r r r 14
2 6.4 1 1 1 1 05 1 1 22 R308 3 V1 RAN INTO A DITCH
Y v - v - - - - v v
2 71 1 1 1 09 1 1 13 N4 2 PED
Y v - v - - - - v v
2 71 1 3 1 04 1 1 54 R317 2 V1 RAN INTO V2
y v - v , ) - - v v
2 71 1 1 1 02 1 1 51 IR6 3 REAR OF V2
Y v y v y - - - ’ .
2 81 3 1 1 01 1 1 42 R123 2 V1 COLLIDED WITH V2
r r r r r r r r r r
2 81 3 1 1 04 1 1 62 R65 [ OF V2.
- v - v y - - - v
1 1 1 1 6 11 1 1 26 CYCLIST V2.
b v - v - - - - v
2 71 1 1 3 03 2 1 71 N10 V1 CRASHED WITH V2.
Y v - v = - ) - v v
2 71 1 1 1 04 1 1 54 2 V2 SWIPED V1.
y v ) v - ) ) ) v v
2 1 1 1 3 05 1 1 22 2 V1 RAN OFF ROAD.
Y v , v - = , , . v
2 71 1 1 3 11 1 1 82 2 PED FELL FROM V1
y v , v - y y , v v
2 1 1 1 1 04 2 1 62 R106 1 V1 SWIPED V2.
r r r r r r r r r r
2 1011 1 1 1 02 1 1 51 R10 1 REAR PORTION OF V1
y v - v y - - - v v
2 71 1 1 6 04 1 1 54 IR1 3 V1 GRAZED V2
Y v - v - - - - v v
2 81 1 1 6 05 1 1 21 4 V1 RAN INTO A DITCH
Y v - v - - - - v v
1 9.51 1 [5 1 04 1 1 54 4 V2 RAN INTO V1
. v ) v ) ) ) ) v v
1 91 1 3 3 02 1 1 51 4 REAR END OF V1.
. v , v - = , , v v
2 8.41 1 4 1 09 1 1 11 N1 4 PED
. v , v y - , , v v
1 7.81 1 1 [3 02 1 1 51 N1 4 REAR END OF V1.
r r r r r r r r r r
2 9.55 1 1 3 [3 03 1 1 73 N1 4 V1 RANINTO V2.



Snapshot of AL Crash records

A B C D E F G H | J K L M N 0 P Q R S T u v w
|Keys lCounry City Year Month Day of Mo Day of the Week of tt Time of Dz Data Sourc Rural or Ui Highway C Controlled E Highway Primary Cc Primary Cc First Harm Location F E Most Ha E Distracte Distance tE Type of | E Manner
9671606 37 418 1 6 13 7 24 9 2 1 1 4 2 7 1 30 2 30 0 14 1 2
9671401 8 389 1 6 11 5 24 13 2 1 2 6 2 51 1 3 3 10 0 6 1 2
9671703 39 420 1 6 15 2 25 20 2 1 4 1 4 7 1 4 42 0 4 1 2
9671635 41 422 1 6 14 1 25 21 2 1 4 6 4 1 49 4 42 0 8 1 2
9673665 41 422 1 6 28 1 27 14 2 1 3 [} 1 51 1 29 5 29 0 14 1 8
9674082 52 433 1 7 4 7 27 16 2 1 2 6 1 1 1 39 4 39 0 3 2 2
9675193 62 7 1 7 8 4 28 15 2 2 5 6 4 51 1 36 1 42 0 2 1 2
9675289 59 204 1 7 12 1 29 24 2 2 5 6 5 7 1 53 4 50 0 14 1 2
9675308 58 439 1 7 13 2 29 8 2 1 4 6 2 15 1 20 1 20 0 14 1 7
9675682 63 444 1 7 15 4 29 17 2 1 1 4 1 7 1 37 2 37 0 7 26 2
9676445 59 440 1 7 16 5 29 14 2 1 2 5} 1 7 1 20 1 20 0 14 1 8
9676642 63 322 1 7 21 3 30 17 2 2 3 [} 2 24 1 20 1 20 0 14 1 7
9676620 11 392 1 7 21 3 30 23 2 1 4 6 3 7 1 49 4 42 0 7 1 2
9677682 4 385 1 7 28 3 31 18 2 1 3 6 1 7 1 34 2 10 0 14 1 2
9677727 28 409 1 7 29 4 31 9 2 1 4 6 4 6 1 34 4 34 0 6 1 2
9677677 45 271 1 7 28 3 31 12 2 2 5 6 2 15 1 20 1 20 0 14 1 7
9677946 46 427 1 7 30 5 31 16 2 1 4 6 1 7 1 3 2 34 0 6 1 3
9678183 61 255 1 7 31 6 31 18 2 2 3 [} 1 14 1 4 34 0 7 1 2
9671617 59 440 1 6 5 6 23 18 2 1 3 6 5 45 1 35 6 42 0 9 1 2
9677736 58 79 1 7 28 3 31 17 2 2 4 6 3 24 1 20 1 8 0 4 16 7
9677733 57 438 1 7 29 4 31 11 2 1 3 6 2 7 1 20 1 20 0 14 1 5
9679118 18 399 1 8 3 2 32 24 2 1 4 6 1 19 1 35 4 35 0 5 1 2
9679125 50 431 1 8 6 5 32 15 2 1 4 6 1 7 1 20 1 20 0 14 1 3
9676048 52 115 1 7 17 6 29 13 2 2 3 5} 2 3 1 21 1 21 0 14 15 4
9679597 49 290 1 8 9 1 33 16 2 2 1 1 3 16 1 20 1 20 0 14 1 7
9681126 20 401 1 8 18 3 34 14 2 1 2 6 3 7 1 10 4 10 0 14 1 2
9680982 1 382 1 8 16 1 34 19 2 1 4 6 4 1 1 42 2 42 0 8 1 2
9681006 51 432 1 8 17 2 34 15 2 1 2 6 4 7 1 34 4 34 0 8 1 2
L 9681509 36 417 1 8 20 5 34 16 2 1 4 f 4 7 1 43 4 43 0 7 1 2

Over 250 columns (Variables)



Data limitations

A Underreporting of lower severity crashes

A Improper and inconsistent data recording and
nandling

A Limited data collection
AaAdaaiy3d FyR adzy NBI &2\
XD

UNOBSERVED HETEROGENEITY




Crash Modeling

A Descriptivec finding factors associated with
crashes

A Predictivec forecasting crashes
A Frequency vs. injurgeverity analysis

A Both rely on statistics:
U descriptive
U inferential




Crash Modeling Methodologies

A Count data models (e.g. NB, Poissem)

A Discrete outcome models (Ordered and
Unordered)
U Traditional methods
U Advanced methods

A Multivariate statistics and Machine Learning
techniques



Predictive SPF Example

:Segmenf SPFs

¢ 2-lane Rural
Npf s = (AADT,) (L) (365) (10¢) e0-912

* Multilane, Rural Undivided

— a+b Ln AADT+LnL
Nspfru =& )

* Multilane, Rural Divided

— a#+-b-Ln-AADT -+ LR-L
Nspfrd i e( |
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Safety Performance Function Development for
Analysis of Bridges

Gaurav Mehta'; Jing Li®; Robert Tyler Fields®; Yingyan Lou®;, and Steven Jones, MASCE®

Absiract; Bridpes are an integral infrastructure component and, as such, have been the sobject of extensive research effonts relaied o
strciml [m'ﬁrmqrn:. However, thene has heen litle sudy on the fraffic safeny pﬂfcmn.nuﬁ nfl'likgs. which have very different 'ph],:ira]
and operational characteristics compared with regular roadway facilities. This sndy develops safety pefformance fonctions { 5PFs) for overall
vehiche crashes and single-vehicle crashes occurring on mager highway bridges in Alabama. The bridge charscieristic data and crash ln-
formatian ane ohtained from thres differsne dambases, Geographic information systems (G15) ane nsed to sparially represent bridges as veotors
andl associate crashes 1o the bridges based on location attribwics from the crash data. SPFs of several functional forms are developad amd
imvestigated [or sdentifying Uhe bed model wing negalive binomial regression. The models ans validued by compurng tear nelalive prediclive
capabilitics. This paper mcommends models that fit the Alabama data well, These models can be used for estimating the expected number of
crushes on badges along major highways in Alsbama, DOL: WL INASCEITE. 19043-5436. 00007 76, & 2005 American Sciety of Civil

Engireers.

Author keywords: Safery perfommnce fmction; Bridges; Negatve blomilal regresalone Geographbc information sysicms.

Introduction

Bridgas are an imporamt companent of the trmsponation infra-
structune in the United Stges. There ane some G00,000 public
bridges in the oountry and more tan 17,00 of tese are in
Alshama [Federal Highway Administraton (FHWA) 2003, The
physical properties and opemtional charaderistics of bridges differ
substontially (om rosds wd bighways (Beting ot al. 20000 For
examplz, bridpes are wenally namower than approach roads and
ofien lock shoulders that cn safdy socommodate emergency
mancuvers, Brdges consig of vanious components (e.g., bridge
milings. piers, headwalls, abutments, md guardmils) that may
themselves pose safety harards &0 vehicles tmveling on o under
bridges (Gutes and Noyee 2005). Bridge decks ane desigoed o
accammodate cemam load-bearing capacities and other specific
properties that often render safety improvements such s reserfac
ing (e.g., asphalt overlays) impractical (Retting ef al. 2000). Swch
hridpe-specific charncteristics affect the safety of maffic mveling
ubomg andl in G vicinity of bridges.
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The necent publication of the Highway Safety Maral (HSM)
resulted im an increasing emphasis on the safety performance of
specific mndway facilies (AASHTO 200100 In paricular, the
HSM sets out the development of factlity-specilic safely perfor-
marce fonctions (SPFs) for predicting the expected number of
crushes on variows components of te madway sysdem. The firt
edition of the HEM contained SPFs lor theee facilily types and sev-
eral intersection fypes. Additional siadies heve been conducted o
develop SPFs for toen-lane rosds, freeways, intersections, and other
fucilities [eg., Quin o al (3005), Parajuli et al. (2006), Garber amd
Rivea (2001400, San et al, (2001 ), and Manan et all, (20137], Previous
‘bridge safety shadies have focused on struchural properties (Crespo
Mimguillicn et al. 1997; Rocha et al. 2012 Zhae and Uddin 2013;
Ju 3013y and the performance of bridge components soch as rail-
ings (Michie 1981; Thanh mnd Hoh 2013; Himi et oal. 2006;
Suoliani etal, 2013). Prioc wo the HSM and its emphasis o enpicical
Bayes and acooameing for regression-o-the-mean biases, Tumer
{1984} proposed a regression-based methed for predicing crashes
on bridges. As one of the seminal efforts toward predicting bridge
relatod crashes, it sccountad for traffic levels and physical charac-
teristics such a5 the width of the bridge and the approaching
ruad way.

Bridges are subjected to periodic and consistent bridpe inspec-
tiens tht typically cover the condition of the deck. suparstnactons,
and substruchare and functional obsolescence (FHWA  106H;
Reming e al. 2000, ldenufying probable safery mmplications in
terms of wehicle crashes is not & part of thess ronfine 'irw;:cﬁnn:.
I recognition of te importance of bridges as part of e noodway
system and in keeping with the HSM, this paper describes the de-
valopment of SPFx for predicting bridge related crashes. Sepamte
SPFs are devdoped for geneml] wehicle crashes amd single wehicle
crashs, The SPF for gencral vehicle aashes provides insights inwo
crmsh risks on h'ri{ker.. Howeever, if more than one vehicle was in-
walved inw crash, it s difficall g identify the elfects of bridge com-
ponents {e.g., bridpe rail, guardrail ) on crashes from the effects of
possible interctioms between vehicles. Considering that single
wehicle crashes are genemlly nnooff road oashes, when such
craibes oocur on brdges they typicaly Lvolve the railings on
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- NLOGIT - [Snr final output.lim]
-ﬁ File Edit Insert Project Model Run Tools Window Help

Dl=d & 1[ve | ofs|i| Gom]

ﬂ Insert Name: I LI

Random Parameters Multinom. Logit Model
Dependent wariable SEVERITY
Log likelihood function —2120.39243

Restricted log likelihood —7504 62054
Chi =sqguared [ 24](P= .000) 10768.45622
Significance level .00000
McFadden Pseudo R-squared 7174551
Estimation based on N = 6831. K = 24
Inf . Cr AIC = 4288.8 AIC/N = 628

Log likelihood R-=grd R2&dj
Ho coefficients -7504.6205 7175 7170
Constants only -2326.1359 .0884 .0868
At start values -2136.5316 0076 .0058
Hote: R-=grd = 1 - logl/Logl{constants)
Warning: Model does not contain a full
set of ASCs. R-sqrd is problematic. Use
model setup with :RHS=one to get LogL0.

Response data are given as ind. choices
Replications for simulated probs. = 200
Used Halton sequences in simulations.

Humber of ob=s.= 6831, skipped 0 obs

| Standard Prob. 95% Confidence
SEVERITY| Coefficient Error z |z | >Z% Interval
Random parameters in utility functioms............ ... ... ............
MFORLH -.86356 .60989 -1.42 1568 -2.05893 .33181
MMALE —.55742 .66407 —-.84 4012 -1.8589¢ .74413
Nonrandom parameters in utility functions
SURBN —. 9451 5% .18475 -5.12 .D0o00 -1.30726 -.58305
SSDSWIP —1.55449%%x .23678 -6.69 0000 -2.04856 -1.12041
SHONE 2.06800%xx L47527 4.35 .0000 1.13735 3.00040
SPC —. 41921 %% .19508 -2.15 0316 -. 80157 -. 03686
SVHOTO 3. 62795%x= .44035 8.24 0000 2.76488 4.49103
SINT L BE352%xx . 25505 2.60 .0093 .16363 1.16341
STWOLH L6891 7%xx .19952 3.45 0006 .29811 1.08023
SCHV -1.10977 73980 -1.50 1336 -2.55974 .34020
MREND 1.18641%x= .23868 4.97 0000 .71860 1.65422
MSIMPT .18403 .20341 .90 .3656 —.21465 58272
MCLOSE .24396% .14042 1.74 .0823 -. 03126 51917
MSPL —.24248% .1419%6 -1.71 0876 -.52072 03577
FDO 1.92827%%= .27914 6.91 .00OO 1.38117 2.47537
PHORM 1.19536%%= .25612 4.67 0000 .69337 1.69735
PANGLE —.26003 .17812 —-1.46 1443 -. 60913 .08908
PDARK —.29248% 16560 -1.77 0774 -.61705 .03208
PYTRACT —.59335%% .23103 -2.57 .D102 -1.04617 —.14053
PROLL —3. 95757 %xx .55838 -7.09 0000 -5.05197 -2.86316
Heterogeneity in mean, Parameter:Variable........ S .
MFOR: SDS —. 96001 s .32584 -2.95 0032 -1.59865 -.32137
MHMAL:5DS —. 57740%% . 26925 -2.14 D320 -1.10513 —.04967
Distns. of RP=. Std.Devs or limits of triangular.. ... ......... ..
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The temporal stability of factors affecting driver-injury @Cwsmm
severities in single-vehicle crashes: Some empirical evidence

Ali Behnood **, Fred L. Manneringb
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Mixed logit severity model results for year 2004.

Variable Parameter t-Stat.  Marginal effects

estimate
No injury Minor injury Severe injury

Defined for severe injury

Fixed object (1 if collision type is fixed object; 0 otherwise) —1.298 —8.03 0.0234 0.0140 —0.0373
MNon-fixed object (1 if collision type is non-fixed object; O otherwise) —2.509 —4.05 0.0010 0.0005 —0.0016
Stop sign/flasher (1 if traffic control device is stop sign/flasher; —-0.392 —2.03 0.0002 0.0023 —0.0025
0 otherwise)
Mormal (1 if apparent physical condition of driver is normal; 0 otherwise) —0.998 —-575 0.0161 0.0731 —0.0892
Van/mini-van (1 if driving a van/mini-van; 0 otherwise) 0.277 167 —0.0004 —-0.0020 0.0024
Turning right (1 if vehicle maneuver prior to the crash is “turning right”; —1.532 —391 0.0004 0.0048 —0.0052
0 otherwise)
Front (if the point of the first contact is “front”; 0 otherwise) 0.374 3.57 —0.0040 —-0.0146 0.0186
Left side center (1 if the point of the first contact is “left side center™; 0.963 2.99 —0.0008 —0.0039 0.0047
0 otherwise)
Total (1 if the point of the first contact is “total”; 0 otherwise) 1655 3.42 —0.0008 —0.0016 0.0024
Old vehicle (1 if vehicle is more than 10 years old; 0 otherwise) 0.201 182 —0.0011 —0.0040 0.0051
Defined for minor injury
Divided without median barrier (1 if collision is on divided without —0.236 —238 —00063 -0.0179 0.0242
median barrier road segment; 0 otherwise)
Overturned (1 if collision type is overturned; 0 otherwise) 1421 4.25 04048 —0.1838 —-0.2210
Normal (1 if apparent physical condition of driver is normal; 0 otherwise) —0.396 —2.84 0.0273 —0.0563 0.0290
Disregarded control devices (1 if driver action is “disregarded control —0.59%4 —182 0.0004 —0.0013 0.0009
devices”; 0 otherwise)
Turning right (1 if vehicle maneuver prior to the crash is “turning right”; —-0.708 —224 0.0016 —0.0038 0.0022
0 otherwise)
Commercial vehicle (1 if commercial vehicle; 0 otherwise) —1.007 —3.80 0.0017 —0.0034 0.0017
Pedestrian (1 if the most harmful event is pedestrian; 0 otherwise) 1.082 5.98 —0.0017  0.0560 —0.0543
Pedal cyclist (1 if the most harmful event is pedal cyclist; 0 otherwise) 1586 755 —0.0008 0.0240 —0.0231
Left rear quarter panel (1 if the point of the first contact is “left rear —0.598 —214 0.0011 —0.0018 0.0007
quarter panel”; 0 otherwise)
Left side center (1 if the point of the first contact is “left side center”™; 0.460 166 —0.0011 0.0030 —0.0019
0 otherwise)
Under carriage (1 if the point of the first contact is “under carriage”; —-0.719 —181 0.0009 —0.0011 0.0002
0 otherwise)
Total (1 if the point of the first contact is “total”; 0 otherwise) 0.860 218 —0.0010 0.0018 —0.0008
Right front quarter panel (1 if the point of the first contact is “right front —0.374 —3.33 0.0023 —0.0094 0.0072

quarter panel”; 0 otherwise)



Interpreting crash modeling results

A Goodnesof-fit measures

A B C




Interpreting crash modeling results

A Goodnessf-fit measures

Random Parameters Multinom. Logit Hodel
Dependent wariable SEVERITY
Log likelihood function =-2120.39243
Festricted log likelihood =7504 62054
Chi =squared [ 24](P= .000) 10768. 45622

19t Significance level 00000

A Mean AbSO|Ute DeV|at|0n McFadden Pseudo R-sguared . 7174551
Estimation based on N = 6831, K = 24

Inf Cxr AIC = 4288.8 AICAN = 628

A Mean Absolute Percent Error

Log likelihood R-=grd RE2Adj

Ho coefficients -7504 .6205 7175 7170
. . Constants only -2326.1359 0884 .0868

A Log likelihood At start values -2136.5316 .0076 .0058
Hote: E-=qrd = 1 - logl-Logl{constants)
Harni?géacﬂudﬁl dugslnot chtainla fﬁll
set o s, —=qrd 1= problematic. se

A R'Squared model setup with :RHS5=one to get LogLD.

Fesponse data are given as ind. choices

A é Feplication=s for =simulated prob=s. = 200
) Used Halton sequences in simulations.

Humber of obs.= 6831, skipped 0 obs

.
1

SPFs Injury severity results



Interpreting crash modeling results

A Parameter estimates

| Etandard Prob. 95% Conf idence
SEVERITY) Coefficient Error z |z | >Z% Interval
| Random parameters fn utility functions. . .......... ... ... ..
Segmem' SPFs HFORLM|  —.86356 60989~ -1 42 1568 ~2.05893 33i8i
S i MMALE] — 55742 66407 -.84 4012 —-1.85896 74413
M | Nonrandom parametefs in utility functions........ S ..
SURBH]| — . 9451 5%%* .18475 -5.12 .0000 -1.30726 -.58305
SSDSWIF]  —1.58449%%x 23678 —-6.69 .0000 —2.04856 -1.12041
4 2—|C]ne RUI’O| SNONE) 2.06088%%x 47527 4.35 .0000 1.13735  3.00040
SP! I — . 41921%x .19508 -2.15 .0316 -.80157 -.03686
b i SVHOT 3.62795%xx .44035 g.24 .0000 2.76488  4.49103
Ns frs— (AADTn) (L) (365) (] O 6) e 0.312 SINT| BBIG2xxx .25505 2.60 .0093 J16363  1.16341
p STWOL I L 6BIL Tk .19952 3.45 .0006 .29811  1.08023
. H SCH -1.10977 . 73980 -1.50 .1336 —-2.55974 .34020
’MUH”CIﬂe, Rural Undivided MREND{ 1.18641%%x .23868 1.97 .0000 71860  1.65422
MSIMPT] 18403 20341 .90 .3656 —.21465 58272
N — ‘(@ Ln AADT + Ln L) MCLOSH)| . 24396% 14042 1.74 .0823 -.03126 51917
spfru = © MSPLY —.24248% 14196 -1.71 .0876 -.52072 .03577
ld R | oEa nomm iy oy
i /1 1.1 %R . 1 4. . . 1.
* Multilane, Rural Divided PANGIH|  -.26003 17812 -1.46 1443 ~60913  .089308
FPDARH]| —.29248% 16560 -1.77 .0774 -.61705 .03208
N — v@i AADT + Ln L) PYTRACT]| —.59335%x .23103 -2.57 .0102 -1.04617  -.14053
spfrd PROLIJ]  —3.95757%%* 55838 -7.09 .0000 —-5.05197 -2.86316
| Heterogeneity in mpan. Parameter:Variable........ S .
MFOR : SDY| —. 96001 %% .32584 -2.95 .0032 -1.59865 -.32137
UK MMAL : SDS]| — . 57740%x .26925 -2.14 .0320 -1.10513  -.04967
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Interpreting crash modeling results

Marginal Effects Elasticity
Variable Fatal injury Severe injury Minor injury Fatal injury Severe injury Minor injury
Straight road with no grad -0.0504 0.0249 0.0255 -15.54% 6.21% 11.48%
Mo shoulder 0.0005 -0.006 0.0055 0.60% -1.34% 1.96%
Paved road with potholes -0.0048 0.0025 0.0023 -1.62% 0.55% 1.08%
Not intersection related 0.0317 -0.0161 -0.0156 0.29% -4.03% -7.46%
Hit and run 0.0097 -0.0058 -0.004 1.89% -2.17% -3.37%
Signalized intersection -0.0044 0.0017 0.0026 -2.05% 0.41% 0.79%
Clear weather -0.0369 0.0531 -0.0162 -11.66% 12.91% -7.09%
Mo median 0.0084 -0.0167 0.0083 2.53% -3.96% 3.34%
Mo traffic control -0.0185 0.0366 -0.0181 -5.63% 8.38% -7.59%
Unpaved shoulder -0.0033 0.0052 -0.0019 -1.02% 1.08% -1.02%
Failure to yield at stop sigr -0.0001 0.0002 -0.0001 -0.17% 0.02% -0.23%
Four-way intersection -0.0004 -0.0006 0.001 -0.18% -0.13% 0.30%
Unlit roadway 0.0085 0.0092 -0.0177 2.22% 2.10% -0.99%
Curved roadway section 0.0006 0.0005 -0.0011 0.15% 0.11% -0.79%

Wet pavement -0.0002 -0.0002 0.0004 -0.06% -0.07% 0.13%



Modeling: Humarcentered factors

A Direct factors:
U Demographics (e.g. age, gender, race)
U Condition (e.g. mental, emotional) at time of crash
U Driving styles that lead to crashes

A Indirect factors:
U Attitudes
U Beliefs

U Personality traits (e.g. tolerance, inattentiveness, sensation
seeking)



Methodology

A Driver factors:
U Latent Class Analysis (LCA)

A Injury severity analysis
U Driver factors

x Random parameters logit (RPL)
x Latent class logit (LCL)

U HumanCentered factors:
x Multilevel analysis



Latent Class Analysis

A LCA is a modddased clustering method for discrete data

A Assumptions:

U each observation of a heterogeneous data comes from one of a number o
classes

U each class is modeled with its own probability distribution
U variables are independent given knowledge of a group

A The overall population follows a finite mixture model, given as:

& B iz (1)

where Qs the density for grouf) "Ois the number of groups, are the mixture proportions,
m - p, QB " p and —is the set of parameters for the group.



Latent Class Analysis

A Each variable within each group is modeled with a multinomial
density.

A Giventhatw (B h) the joint group density is expressed as:
k@ b b 1 (2)

And the overall density is given by:
ox B ( B B 0 ) (3)

wherep @ Qis the indicator function equal to 1 if the observation of ik variable takes valu&nd 0
otherwise,] is the probability of the variabl@aking a valuéin group’Q andQ is the number of
possible values or categories tf§ variable can take.



Crash data description

A 87,326 observations of 2012015 Alabama injuryelated crash data

were obtained from the Critical Analysis Reporting Environment
(CARE)

Variable name  Description Mean (standard deviation
Crash Severity  Serious injury /Minor injury 0.30/0.70
Driver error Primary cause: error attributed to driver (1=Yes, 0=No) 0.49 (0.50)
DUI Primary cause: DUI (1=Yes, 0=No) 0.09 (0.29)
Speed Primary cause: Speeding (1=Yes, 0=No) 0.11 (0.32)
Distracted Primary cause: Distracted driving (1=Yes, 0=No) 0.11 (0.32)
Fatigue Driver condition at time of crash: Fatigued (1=Yes, 0=No) 0.06 (0.23)
Invalid license License status of causal driver: Invalid license (1=Yes, 0=No’ 0.07 (0.26)
No seatbelt Seatbelt use: No seatbelt (1=Yes, 0=No) 0.11 (0.32)
Female Driver gender: Female (1=Yes, 0=No) 0.44 (0.50)
Black Driver race: African American (1=Yes, 0=No) 0.24 (0.43)
Young Driver age: less than 30 (1=Yes, 0=No) 0.42 (0.49)
Old Driver age: more than 60 (1=Yes, 0=No0) 0.15 (0.36)

Unemployed Driver employment status: Unemployed (1=Yes, 0=No) 0.30 (0.46)




Results of Latent Class Analysis

Class 1 (2%)

Class 2 (11%)|

Class 3 (10%):

Class 4 (31%):

Class 5 (5%):

Class 6 (29%):

Class 7 (12%):

Variable risk takers speed seekerp reckless drivers improper drivers  fatigued drivers erring drivers  distracted drivers
Driver error 0.81 0.76

DUI 0.77 0.78

Speed 0.95

Distracted 0.67
Fatigue 1.00

Invalid license 1.00

No seatbelt 0.48 0.37

Female 0.42 0.59 0.35 0.37 0.50
Black 0.33 0.31

Young 0.56 0.38 0.51 0.40 0.48
Unemployed 0.63 0.38 0.42 0.50




Injury Severity Analysis

RPL Model for Driver Factors

A RPL addresses unobserved heterogeneity in data

A RPL model formulation is obtained from the standard MNL by
Introducing random parameters with a mixing function as:

0 (@) g5 2)0 (4)

where0 ('@ ) is the probability of injury severifyconditional on'(@ < )

A RPL assumes continuous distribution of random parameters



Injury Severity Analysis

L CL Model for Driver Factors

A LCL also addresses unobserved heterogeneity in data

A LCL assumes discrete distribution in which unobserved heteroge
IS captured by membership of distinct classes

A LCL model allows driver injury severity to h@adifferent classes
such that each class will have its own parameters with probability

0@ (5)

where represents a vector that shows the probabilitiesiaor crashe, 6 is the possible
classesdand| represents the estimable parameters (class specific parameters)



Injury Severity Analysis

L CL Model for Driver Factors

A The probability of driver having injury severis given by:
06 (R B 0 (@20 () (6)

where0 (0B is the probability of drivers to have injury severity le@@r crashé in classo

A Substituting (6) into (5), the LCL model for ctagsll be:

b (@Y g (7)

where ‘Qepresents the possible number of injury severity levelsiands a classpecific
parameter vector that takes a finite set of values



Injury severity estimation results

Model Estimation Results for Driver Factors

MNL RPL LC1 LC 2
Variable Serious injury Minor injury Serious injury Minor injury Serious injury  Minor injury Serious injury Minor injury
Constant -0.26 €13.23) -0.12 €4.45) 0.69 (11.94) -20.67 ¢€0.06)
Driver error 0.95 (50.05) 2.19 (7.61) 1.64 (23.24) -17.71 ¢0.05)
DUI 0.26 (8.99) 0.43 (9.43) 1.26 (8.40) -19.83 ¢€0.06)
Speed 0.39 (14.93) 0.94 (4.13)p 0.83 (11.60) -16.92 ¢0.05)
Distracted 1.26 (41.57) 6.10 (5.74)° 2.48 (29.16) -9.81 (0.53)
Fatigue 0.14 (4.35) 0.02 (0.47) -2.19 €12.81) 47.11 (0.00)
Invalid license 0.10 (3.44) 0.13 (2.71) 0.09 (1.41) 0.35(1.21)
No seatbelt 1.01 (41.70) 2.46 (8.71)° 1.59 (21.19) -1.64 ¢3.52)
Female 0.17 (10.90) 0.26 (9.09) 0.26 (8.10) -0.28 €1.50)
Black 0.12 (6.77) 0.17 (5.89) 0.18 (5.29) -0.04 €0.21)
Young 0.23 (13.38) 0.55 (6.58)P 0.43 (10.21) -1.16 €4.19)
Old 0.11 (4.77) 0.11 (3.42) 0.11 (2.11) 0.50 (1.34)
Unemployed 0.22 (12.74) 0.38 (11.56) 0.40 (10.85) -0.60 €2.55)
Latent Class Probability 0.72 (74.94) 0.28 (29.71)
Log-likelihood at zero -60529.77 -60529.77
Log-likelihood at
convergence -49584.82 -49451.9 -48868.27
McFadden Pseudo?R m

Estimate (tstatistic).Haltondraw of 200 was used for the RPL mo¢ghat 2003) The random parameters found in the RPL model (indicated by
superscripts) were assumed to be normally distributed#tm et al., 2008 and had statistically significant standard deviations at 0.05 significance level.



Injury severity estimation results

Model Estimation Results for Driver Factors

Driver error DUI Speed Distracted Fatigue Invalid license No seatbelt Female Black Young Old Unemployed
Serious injury -13.18% -1.50% -1.28% -0.88% 0.05% 0.32% 1.89% -4.93% -1.73% -1.99% 0.73% 4.19%
Minor injury 3.80% 0.94% 0.78% 0.37% -0.03% -0.18% -1.73% 1.95% 0.69% 1.17% -0.35% -2.24%

Effects of the variables on probabilities of the severity outcomes (%)



Other examples

A Unsafe lane changing crash severity model (AL)

A Pedestrian injuryseverity model (Ghana)
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TIMER:

READ;
NVAR=56;
NOBS=500000;

NAMES=SEVERITY, SER.MIN.PDO,RUR,URBN.INT, FED. STATE. CTY., MUN., RORR. RORL, ROLL,LANGLE., SDSWIP. SIMPT.
REND, DAYLIT, DARK, CLEAR, RAIN CLDY,LPC SUV, TRATA, K CMV, MALE FEM,CLOSE, INVLID, HORM,L IMPATR NONE,L ASPH, CONC, VET,
SDG, CURVE, UNPVD,CE, CONCE,SFL, BPL, SIXLN, FORLN, TWOLN,K VPC, VSOV, VTRACT, VPU, VMOTO, VTRUCK, AGE, LESS, HORE;

FILE="G:~\Unsafe lane change comparison“Modeling data“S5enior stack.csv";

NLOGIT:

LHS=SEVERITY

CHOICES = SER., MIN, FDO:

MODEL:

U(SER)= SUREN=*URBH + SSDSWIFP*SDSWIP + SHONE*NONE + SPC*PC + SVHOTO*VMOTO + SINT#INT + STWOLN*TWOLH + SCHV*CHV ~

U(HMIN) = MREND=REND + HMSIMPT*SIMPT + MSIMPT*SIMFT + MMALE=MALE + MFORLN#*FORLN + PCLOSE=CLOSE + PSFPFL*SPL~
U(PDO)= PDO*0ONE + PHORM*NORM + PANGLE*ANGLE + PDARK*DARK + MVTRACT#*VTRACT + SROLL*ROLL + PINVLID#*INVLIDS

NLOGIT:

LHS=SEVERITY

CHOICES = SER, MIN, PDO;

MODEL:

U(SER)= SURBH#*URBN + SSDSWIFP#SDSWIP + SHONE*NOWE + SPC*PC + SVMOTO*VHOTO 4+ SIHT*INT + STWOLN*TWOLN + SCHV*CHV ~

U(MIN) = MREND*REND + MSIMPT*SIMPT + MMALE*MALE + MFORLN*FORLN + MCLOSE*CLOSE + MSPL*SPL~

U(PDO)Y= PDO*0OHE + FPHORM*HORM + PANGLE#ANGLE + PDARK#=DARK + PVTRACT#VTRACT + PROLL*ROLL
LCH, PTS=2;

EFFECTS: URBH({SER)-SDSWIP({SER)~- NONE(SER ) PC{SER)-VHOTO(SER)/INT{SER) TUWOLN{SER) /CHV{SER)~
REND(MIN)-SIMPT(HIN) MALE(HMIN) FORLN(MIN) CLOSE(MIN)~-SPL{MIN) -HORM(PDO) ANGLE(PDO)-DARK(PDO) VTRACT(PDO) ROLL{FDO) :
DESCRIBES




Table 3. Model estimation results and elasticities for vounger drivers

Elasticities

Variable Pgm t-Statistic P"i.ajur Mumr 1.\'9

injury injury  injury
Defined for major mjury
Urban area -1.290 -11.18 -1.0388 00170 00175
Sideswipe crash -1.020 -746 05170 00082 (L0063
Unbelted 1.963 9.39 00215 00068 -0.0072
Sedan at fanlt -0.39% -3.33 -0.2584 00061 0.0064
SUV at fault -6g4 -344 -0.1005 00018 00019
Motorbilkee not at fault 23598 716 0.0078 00027 -0.0027
Male driver 0.163 1.23 00825 -00028  -0.002%
Defined for minor imjury
Bear-end collision 0891 £38 -0.0109 00313 -0.0109
Side impact collision 0.389 jo -0.0030  0.03%6  -0.0030
Six-lane highway -0.317 -10 00047  -0.0438 00047
Pickup not at fault 0576 -545 0.0080  -0.0938  0.0080
Impaired 0646 207 -0.0012 00033 -0.0012
Clear weather condition 0157 -113 00103 01060 00103
Eandom parameter
Interstate highway 0110 -0.17 -0.0107 00825 -0.0107
Standard deviation for Interstate highwray
(nomually distributed) 1.622 1.68
Heterogeneity in means
Interstate highway: Sideswipe -0.646 -1.9
Defined for no ijury
Constant 1251 6.73
Not DUL (e04 373 -0.5201 05033 0.0664
Four-lane highway 0304 428 -0.1143 01110 00123
County road 0236 -142 00155 00135 -0.0038
SUV not at fault 0343 340 -0.0841  -0.0818  0.0002
Angle collision 0250 -162 00210 00206  -0.0035
Invalid license 0168 -1.76 00140 00135 -0.0023
Unpaved median 0210 -163 00375 00337 -0.0031
Sedan not at fault 474 6.03 -0.2137 02079 (.0233
Modk! Stetistics
MNumber of observations 11,857
LL restricted -12806.52
LL at convergence - fixed parameters -3041.3
LL at convergence - random parameters with no
heterogenerty in mean 471172
LL at convergence - random parameters with
heterogenerty in means -4707.94

McFadden pzeudo-p* 0.632




Ghanapedcrash modeling results

Marginal Effects Elasticity
Variable Fatal injury Severe injury Minor injury Fatal injury Severe injury Minor injury
Straight road with no grad -0.0504 0.0249 0.0255 -15.54% 6.21% 11.48%
Mo shoulder 0.0005 -0.006 0.0055 0.60% -1.34% 1.96%
Paved road with potholes -0.0048 0.0025 0.0023 -1.62% 0.55% 1.08%
Not intersection related 0.0317 -0.0161 -0.0156 0.29% -4.03% -7.46%
Hit and run 0.0097 -0.0058 -0.004 1.89% -2.17% -3.37%
Signalized intersection -0.0044 0.0017 0.0026 -2.05% 0.41% 0.79%
Clear weather -0.0369 0.0531 -0.0162 -11.66% 12.91% -7.09%
Mo median 0.0084 -0.0167 0.0083 2.53% -3.96% 3.34%
Mo traffic control -0.0185 0.0366 -0.0181 -5.63% 8.38% -7.59%
Unpaved shoulder -0.0033 0.0052 -0.0019 -1.02% 1.08% -1.02%
Failure to yield at stop sigr -0.0001 0.0002 -0.0001 -0.17% 0.02% -0.23%
Four-way intersection -0.0004 -0.0006 0.001 -0.18% -0.13% 0.30%
Unlit roadway 0.0085 0.0092 -0.0177 2.22% 2.10% -0.99%
Curved roadway section 0.0006 0.0005 -0.0011 0.15% 0.11% -0.79%
Wet pavement -0.0002 -0.0002 0.0004 -0.06% -0.07% 0.13%




Multilevel Analysis

TRl

JEEPEIOPI0EEEHS40 990 Ev: £ 59 ¢

A Observations that are close in time and/or space are likely to be more similar
A Crashes and severities may be clustered.



Sample crash data

Target Level 1 predictors Level 2 predictor
| * l
! A

W W W W &)
1 Crash Severity DUI Black Male Driver County County income group
2 1 0 0 1 Clarke M
3 0 0 1 1 Clarke M
4 1 0 1 1 Clarke M
5 0 1 1 1 Clarke M
6 0 0 1 1 Clarke M
7 1 0 1 1 Clarke M
g 1] 1] 1 0 Wilcox L
9 1 1] 1 0 Wilcox L
10 1] ] 1 o Wilcox L
11 1] ] 1 1 Dallas L
12 1] 1 1 1 Dallas L
3 0 0 1 0 Dallas L
14 1] ] 1 1 Dallas L
15 1] ] 1 1 Dallas L
15 1 ] o 1 Montgomery H
17 1] ] 1 1 Montgomery H
18 1] o 1 o Montgomery H
19 1 o 1 1 Montgomery H
20 1 o 1 1 Montgomery H



Logistic Regression

Logistic regression is understood by finding the
I parameters that best fit:

pT T w - ™ .

- 08 O wis explanatory
X {0 ME ‘DGE AR Qi Qo Qw\(l)a”ab € €

, ‘ I, regression
w T T w - coefficients

. N ‘ —is logit or log odds
— |1 -] I 1T w
(5"5)

N is probability of
0 success

W




Sample crash data

Target Level 1 predictors Level 2 predictor
! * !
{ \
1 Crash Severity DUI Black Male Driver County County income group
2 1 0 0 1 Clarke M
3 0 0 1 1 Clarke M
4 1 0 1 1 Clarke M
5 0 1 1 1 Clarke M
6 0 0 1 1 Clarke M
7 1 0 1 1 Clarke M
g o 0 1 o Wilcox L
9 1 0 1 o Wilcox L
10 o o 1 a Wilcox L
11 o o 1 1 Dallas L
12 o 1 1 1 Dallas L
13 o o 1 a Dallas L
14 o o 1 1 Dallas L
15 o o 1 1 Dallas L
15 1 o o 1 Montgomery H
17 o o 1 1 Montgomery H
18 o o 1 o Montgomery H
19 1 o 1 1 Montgomery H
20 1 o 1 1 Montgomery H



Multilevel logistic regression

AFor theith observation withinth sub-group, observ
a binary response:

p EIAEABAMKOE

n £AI1Q EFAAMAOE

@ 91 * Bernoulli(n )hwherery, P&  p)

APrgbabiIity,h of observation from subgroup]
OSAY3d | FlLult ONIaKz I
predictorw is:

&>

1T QEOC - 1 I P



Multilevel logistic regression

AVariation in regression coefficients and introduction of-su
group level explanatory variable:

l [ w0 C
| [ [ w 0 (0)
6 M x O it

ASubstitute (2) and (3) into (1)

- e T ed T ® 6 6 (1)




Intra-class correlation

AICC indicates how much of the total variation in the
probability of a observing a fatal crash is accounted for b
the subgroup.

ALevell residual follows a logistic distribution with a mean
0 and a variance of




Multi-level traffic safety analysis

1. What is the serious injury crash rate of Alabama drivers? Do serious injury crash
rates vary across sub-regions? (Model 1)

E-Z.E?

Prﬂbﬂ-hﬂiw:eriaus infury = pi,r' = 14 e-25

Prﬂbﬂ,biﬁt}’ﬂa Eerious Iﬂjur}l = 1 - p”’ = D.g3

— = 0.07

Model 1 Model 2 Model 3 Model 4°
Fied affecis
Intercept 2.57* (0,02) 2.97% (0.02)  -2.97%(0.02)  -3.30* (0.08)
Ape (rel. age = years) -0.19* (0.01) 0.19* (0.02) =0.19* (0.02)
Gender (ref. male) 0.08* (0.01) 0.08* (0.01) 0.08* (0.01)
Employment status (ref. unemployed) 0.29* (0.02) 0.29* (0.02) 0.28* (0.02)
Race (ref. African American) -0.09* (0.02) -0.10* (0.02) -0.11* (0.02)
License status (ref. Invalid) 0.32% (0.02) 0.32* (0.02) 0.32* (0.02)
Seatbelt usage (ref. not used) 1.78% {0.02) L78% (0.02) 1.78% (0.02)
Condition at time of crash (ref. DUI) 0.64* (0.02) 0.64* (0.03) 0.64* (0.03})
Primary contributing factor (ref, specd) 0,78% (0.02) 0.78* (0.,02) 0,78% (0.02)
Distracted driving (ref. yes) 0.17* (0.05) 0.13* (0.06) 0.13* (0.06)
Postal code average Credit Score =0.00% (0.00)
Postal code mean travel time to work 0.01* (0.00)
Postal code average population =0.00% (0.00)
Error Variance
Intercept 0.26%* (0.01) 0.20% {0.01) 0.19* {0.01) 0.15% {0.01)
Agpe (ref, age < J0years) 0.01% (0.00) 0.01* (0.01)
Employment status (rel. unemployed) 0.04%* {0.01) 0.04* (0.01)
Race (ref. African American) 0.02* (0.01) 0.03* (0.01)
Seatbelt usage (refl not used) 0.04* (0.01) 0.04* (0.01)
Condition at time of crash (ref. DUI) 0.05* (0.02) 0.05* (0.02)
Distracted driving (ref. yes) 0.15* (0.07) 0.15% (0.07)
Madel fit
-2 Log Likelihood 188125.20 175281.90 175196.60 17509450
AIC (smaller is better) 188129.20 175303.90 175230.60 175134.50
BIC (smaller 15 better) 18813800 17535250 17530570 175222 BO**

Mote: *p=0.05; ** = significant decreasc in BIC. Entries show parameter estimates with standard errors in

parentheses; Estimation method = Laplace, *Best fitting model



Multi-level traffic safety analysis

2. How much variance in serious injury crash rates is attributable to the sub-region

of a driverods residence? (Model 1)
Model 1 Model 2 Model 3 Model 4°
Fixed effects
Intercept 2.57% (0.02) 297%(0.02) 297 (0.02)  -3.30% (0.08)
Age (ref. age < 30years) -0.19* (0.01) -0.19* (0.02) -0.19* (0.02)
Gender (ref. male) 0.08* (0.01) 0.08* (0.01) 0.08* (0.01)
Employment status (ref. unemployed) 0.29* (0.02) 0.29* (0.02) 0.28* (0.02)
Race (ref. African American) -0.09* (0.02) -0.10* (0.02) -0.11* (0.02)
License status (ref. Invalid) 0.32% (0.02) 0.32* (0.02) 0.32* (0.02)
Seatbelt usage (ref. not used) 1.78% {0.02) L78% (0.02) 1.78% (0.02)
Condition at time of crash (ref. DUI) 0.64* (0.02) 0.64* (0.03) 0.64* (0.03})
Primary contributing factor (ref, specd) 0,78% (0.02) 0.78* (0.,02) 0,78% (0.02)
Distracted driving (ref. yes) 0.17* (0.05) 0.13* (0.06) 0.13* (0.06)
Tog 0.26 Postal code average Credit Score =0.00% (0.00)
ICC = = = 0.073 Postal code mean travel time to work 0.01* (0.00)
Too + 3.29 0.26 + 3.29 Postal code average population -0.00% (0.00)
Error Varignce
Intercept 0.26%* (0.01) 0.20% {0.01) 0.19* {0.01) 0.15% {0.01)
¢ (rcl. age VCAars ) 0.01% (0.00) 0.01%(0.01)
Employment status (rel. unemployed) 0.04%* {0.01) 0.04* (0.01)
Race (ref. African American) 0.02* (0.01) 0.03* (0.01)
Seatbelt usage (refl not used) 0.04* (0.01) 0.04* (0.01)
Condition at time of crash (ref. DUI) 0.05* (0.02) 0.05* (0.02)
Distracted driving (ref. yes) 0.15% (0.07) 0.15% (0.07)
Madel fit
-2 Log Likelihood 188125.20 175281.90 175196.60 17509450
AIC (smaller is better) 188129.20 175303.90 175230.60 175134.50
BIC (smaller 15 better) 18813800 17535250 17530570 175222 BO**

Mote: *p=0.05; ** = significant decreasc in BIC. Entries show parameter estimates with standard errors in

parentheses; Estimation method = Laplace, *Best fitting model



Multi-level traffic safety analysis

3. What is the relationship between driver characteristics and the likelihood of
getting into a serious injury crash while controlling for sub-regional

characteristics? (Model 2)

Model 1 Model 2 Model 3 Model 4°
Fixed effects
Intercept 2.57* (0,02) 2.97% (0.02)  -2.97%(0.02)  -3.30* (0.08)
Age (ref. age < 30years) -0.19* (0.01) -0.19% (0.02) -0.19* (0.02)
Gender (ref. male) 0.08* (0.01) 0.08* (0.01) 0.08* (0.01)
Employment status (ref. unemployed) 0.29* (0.02) 0.29* (0.02) 0.28* (0.02)
Race (ref. African American) -0.09* (0.02) -0.10* (0.02) -0.11* (0.02)
License status (ref. Invalid) 0.32% (0.02) 0.32*% (0.02) 0.32* (0.02)
Seatbelt usage (ref. not used) 1.78% (0.02) 1.78% (0.02) 1.78* (0.02)
Condition at time of crash (ref. DUT) 0.64% (0.02) 0.64% (0.03) 0.64% (0.03)
Primary contributing factor (ref, specd) 0,78% (0.02) 0.78* (0.,02) 0,78% (0.02)
Distracted driving (ref. yes) 0.17* (0.05) 0.13* (0.06) 0.13* (0.06)
Postal code average Credit Score =0.00% (0.00)
Postal code mean travel time to work 0.01* (0.00)
Postal code average population =0.00% (0.00)
Error Variance
Intercept 0.26%* (0.01) 0.20% {0.01) 0.19* {0.01) 0.15% {0.01)
Age (ref. age < 30years) 0.01#* (0.00) 0.01* (0.01)
Employment status (rel. unemployed) 0.04%* {0.01) 0.04* (0.01)
Race (ref. African American) 0.02* (0.01) 0.03* (0.01)
Seatbelt usage (refl not used) 0.04* (0.01) 0.04* (0.01)
Condition at time of crash (ref. DUT) 0.05* (0.02) 0.05* (0.02)
Distracted driving (ref. yes) 0.15* (0.07) 0.15% (0.07)
Madel fit
-2 Log Likelihood 188125.20 175281.90 175196.60 175094.50
AIC (smaller is better) 188129.20 175303.90 175230.60 175134.50
BIC (smaller 15 better) 18813800 17535250 175305.70 175222 B(**

Mote: *p=0.05;, ** = significant decrease in BIC, Entries show parameter estimates with standard errors in

parentheses; Estimation method = Laplace, *Best fitting model



Multi-level traffic safety analysis

4. Does the influence of any driver-level predictor vary among sub-regions? (Model

3)

Model 1 Model 2 Model 3 Model 4°
Fixed effects
Intercept 2.57* (0,02) 2.97% (0.02)  -2.97%(0.02)  -3.30* (0.08)
Age (ref. age < 30years) -0.19* (0.01) -0.19% (0.02) -0.19% (0.02)
Gender (ref. male) 0.08* (0.01) 0.08* (0.01) 0.08* (0.01)
Employment status (ref. unemployed) 0.29* (0.02) 0.29* (0.02) 0.28* (0.02)
Race (ref. African American) -0.09* (0.02) -0.10* (0.02) -0.11* (0.02)
License status (ref. Invalid) 0.32% (0.02) 0.32*% (0.02) 0.32* (0.02)
Seatbelt usage (ref. not used) 1.78% (0.02) 1.78% (0.02) 1.78* (0.02)
Condition at time of crash (ref. DUT) 0.64% (0.02) 0.64% (0.03) 0.64% (0.03)
Primary contributing factor (ref, specd) 0,78% (0.02) 0.78* (0.,02) 0,78% (0.02)
Distracted driving (ref. yes) 0.17* (0.05) 0.13* (0.06) 0.13* (0.06)
Postal code average Credit Score =0.00% (0.00)
Postal code mean travel time to work 0.01* (0.00)
Postal code average population =0.00% (0.00)
Error Variance
Intercept 0.26* (0.01) 0.20* (0.01) 0.19* (0.01) 0.15% (0.01)
Age (ref. age < 30years) 0.01#* (0.00) 0.01* (0.01)
Employment status (rel. unemployed) 0.04%* {0.01) 0.04* (0.01)
Race (ref. African American) 0.02* (0.01) 0.03* (0.01)
Seatbelt usage (refl not used) 0.04* (0.01) 0.04* (0.01)
Condition at time of crash (ref. DUT) 0.05* (0.02) 0.05* (0.02)
Distracted driving (ref. yes) 0.15* (0.07) 0.15% (0.07)
Madel fit
-2 Log Likelihood 188125.20 175281.90 175196.60 175094.50
AIC (smaller is better) 188129.20 175303.90 175230.60 175134.50
BIC (smaller 15 better) 18813800 17535250 175305.70 175222 B(**

Mote: *p=0.05;, ** = significant decrease in BIC, Entries show parameter estimates with standard errors in

parentheses; Estimation method = Laplace, *Best fitting model



Multi-level traffic safety analysis

5. What is the relationship between the sub-region and the likelihood of a serious
injury crash while controlling for driver characteristics? (Model 4)

Model 1 Model 2 Model 3 Model 4°
Fixed effects
Intercept 2.57* (0,02) 2.97% (0.02)  -2.97%(0.02)  -3.30* (0.08)
Age (ref. age < 30years) -0.19* (0.01) -0.19% (0.02) -0.19* (0.02)
Gender (ref. male) 0.08* (0.01) 0.08* (0.01) 0.08* (0.01)
Employment status (ref. unemployed) 0.29* (0.02) 0.29* (0.02) 0.28* (0.02)
Race (ref. African American) -0.09* (0.02) -0.10* (0.02) -0.11* (0.02)
License status (ref. Invalid) 0.32% (0.02) 0.32*% (0.02) 0.32* (0.02)
Seatbelt usage (ref. not used) 1.78% (0.02) 1.78% (0.02) 1.78* (0.02)
Condition at time of crash (ref. DUT) 0.64% (0.02) 0.64% (0.03) 0.64% (0.03)
Primary contributing factor (ref, specd) 0,78% (0.02) 0.78* (0.,02) 0,78% (0.02)
Distracted driving (ref. yes) 0.17* (0.05) 0.13* (0.06) 0.13* (0.06)
Postal code average Credit Score =0.00% (0.00)
Postal code mean travel time to work 0.01* (0.00)
Postal code average population =0.00% (0.00)
Error Variance
Intercept 0.26%* (0.01) 0.20% {0.01) 0.19* {0.01) 0.15% {0.01)
Age (ref. age < 30years) 0.01#* (0.00) 0.01* (0.01)
Employment status (rel. unemployed) 0.04%* {0.01) 0.04* (0.01)
Race (ref. African American) 0.02* (0.01) 0.03* (0.01)
Seatbelt usage (refl not used) 0.04* (0.01) 0.04* (0.01)
Condition at time of crash (ref. DUT) 0.05* (0.02) 0.05* (0.02)
Distracted driving (ref. yes) 0.15* (0.07) 0.15% (0.07)
Madel fit
-2 Log Likelihood 188125.20 175281.90 175196.60 175094.50
AIC (smaller is better) 188129.20 175303.90 175230.60 175134.50
BIC (smaller 15 better) 18813800 17535250 175305.70 175222 B(**

Mote: *p=0.05; ** = significant decreasc in BIC. Entries show parameter estimates with standard errors in

parentheses; Estimation method = Laplace, *Best fitting model



Multilevel linear regression

Drugimpaired crash rate

Parameter Estimate (S.E)
Fixed Effects
Constant 52.3023 (5.67)

Variance Components
County-Level 1601.46 (407.86
ZIP Code-Level 1940.43 (161.68

-2 x Log Likelihood 3911.39¢

NN §00)
PORBRPLP PpWBTD

T U C

Alcohotimpaired crash rate

Parameter Estimate (S.E)
Fixed Effects
Constant 318.12 (17.67)

Variance Components
County-Level 12391 (4002.12)
ZIP Code-Level 58179 (3702.19)

-2 x Log Likelihood 7976.60¢

; PCOWP
pcowpupx ol X?



Multilevel linear regression

Drugimpaired crash rate Alcoholimpaired crash rate
Parameter Estimate (S.E) Parameter Estimate (S.E)
Fixed Effects Fixed Effects

Constant 49.89 (70.64) Constant -214.20 (138.95)
Chlamydia rate 0.06 (0.03) Diabetes prevalence 21.36 (6.48)
Homicide rate -3.63 (1.29) Teen birth rate -4.75 (1.53)
Firearm fatalities 1.91 (0.89) Adult smoking rate  25.72 (9.24)
Excessive drinking 5.66 (3.35) Hypertensionrate  1.10 (0.30)
Stroke prevalence 0.14 (0.08) Stroke prevalence  -0.65(0.21)
Variance Components Variance Components

County-Level 833.09 (284.48) County-Level 1897.58 (1660.32)
ZIP Code-Level 1980.24 (168.75 ZIP Code-Level 58369 (3661.12)

-2 X Log Likelihood 3888.013 -2 x Log Likelihood 7930.411
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Whydo all these?

Beyond the numbers:

U Better understanding of observed phenomena
U Develop/modify solutions
U Policies and decisieamaking

Safe Systems Approach relies on DATA



Informed decisiormaking

o s

8. 6 crashes/mlle & 4.2 crshes/mile

. LF__ .
Alternative 3

AIternatlve 2




QUESTIONS

ekadanu@ua.edu
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