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Road map

ÅIntroduction

ÅBackgroundand philosophy of data- and 
non data-driven road safety

ÅExamplesof data-driven road safety from 
the US and Africa

ÅObservationsand lessons learned on the 
usefulness of data-driven road safety

ÅThoughtsand recommendations on 
meaningful data-driven road safety in Africa



Introduction

http://www.dot.state.al.us/dsweb/divted/TrafficSOS/pdf/Alabama_SHSP_081117.pdf


Background

ÅSafe Systems Approach

ÅTotal deaths attributable to 2014 Ebola outbreak in 
West Africa? 

ÅTotal global deaths attributable to 2009 ς2010 
Swine flu (H1N1) outbreak? 

ÅTotal global deaths attributable to roadway crashes?



Background

ÅTotal global deaths attributable to Bird flu (H5N1) 
from 2003 - 2014?

ÅTotal deaths attributable to 2014 Ebola outbreak in 
West Africa? 

ÅTotal global deaths attributable to 2009 ς2010 
Swine flu (H1N1) outbreak? 

ÅTotal global deaths attributable to roadway crashes?

18,000

per year1.2 ς 1.5 million

407

1,310



Background

ÅOne death is a tragedy; one million is a statistic.

ïJoseph Stalin



Safety

Environment

Operations

Background



Background

ÅHow do we weigh the costs of 
crashes?

ÅData



Costs of Crashes
ÅEmergency services provided by police, emergency medical 

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

ÅMedical services provided 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. 

ÅMarket productivity loss due to lost wages and fringe 
ōŜƴŜŦƛǘǎ ƻǾŜǊ ǘƘŜ ǾƛŎǘƛƳΩǎ ǊŜƳŀƛƴƛƴƎ ƭƛŦŜ ǎǇŀƴΣ ŜȄǇǊŜǎǎŜŘ ƛƴ 
present value

Background



Costs of Crashes
ÅHousehold productivity loss due 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 tasks.

 

Å Insurance administration to process insurance claims (e.g., 
ƳŜŘƛŎŀƭ ŜȄǇŜƴǎŜǎΣ ƭƛŀōƛƭƛǘȅΣ ŘƛǎŀōƛƭƛǘȅΣ ǿƻǊƪŜǊΩǎ ŎƻƳǇŜƴǎŀǘƛƻƴΣ 
welfare payments, sick leave, property damage, life 
insurance) resulting from the crash, and the cost of attorneys.

 

Å²ƻǊƪǇƭŀŎŜ Ŏƻǎǘǎ ŘǳŜ ǘƻ ŀƴ ŜƳǇƭƻȅŜŜΩǎ ŀōǎŜƴŎŜ (e.g., new 
employee retraining, overtime to accomplish work of the 
injured employee, administration of processing personnel 
changes). 

Background



Costs of crashes
ÅLegal costs due to operating courts and fees during civil 

litigation resulting from the crash. 

ÅCongestion impacts due to travel delay to those not involved 
in the crash, added fuel consumption, and increased 
pollution. 

ÅProperty damage to vehicles, cargo, roadways, and roadside 
furniture.

Background



Background



Existing ConditionsExisting Conditions Alternative 1Alternative 1

Alternative 2Alternative 2 Alternative 3Alternative 3

17.2 crashes/mile26.3 crashes/mile

8.6 crashes/mile 4.2 crashes/mile

Background



Background

1949 Edition



Background



New Highway Safety Manual of 2010
ÅMethodology is like that for assessing and assuring the 

adequacy of Capacity

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

Background



Background
Alabama?

ÅAlabama fatality rate per 100 MVMT is 1.26, national average is 
1.09

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



Where there is no data

Å Nearly 80% of road deaths in low-income countries missing
Å Nearly 55% of road deaths in middle-income countries are missing

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

Å Limited by:
ü Knowledge and interest
ü Finances
ü Policy and framework (e.g., insurance systems)

ÅQualitative data sources
ü The internet
ü Surveys (random vs. purposive)



Helmet usage



Attention Deficit Hyperactivity Disorder



[Ŝǘǎ ŘƛǎŎǳǎǎΧΦ

INDIGENOUS 
KNOWLEDGE/EXPERIENTIAL 
KNOWLEDGE AND BLACKSPOT 
ANALYSIS



Where there is data

ÅType of data to collect 

ÅQuality of data

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

ÅLimited by:

üKnowledge and interest

üFinances

üPolicy and framework

ÅQualitative data sources

üThe internet

üSurveys (random vs. purposive)



Examples of data-driven road safety from the US



Human-centered traffic safety



 

Fatal 

Crash
Male

25 years

JHS 

dropout

DUI and No 

Seatbelt

Low income 

Country

Sociocultural 

acceptance of 

alcohol 

consumption

??

Event: Primary Contributing 

Circumstances:
Involving: Lives in:

No policy on 

seatbelt use

Human-centered crash factors



 

Fatal 

Crash
Male

25 years

DUI and No 

Seatbelt

Intolerant

Inattentive??

Event: Primary Contributing 

Circumstances:
Involving: Personal 

attributes:

Risk taker

Sensation 

seeker

Cause of causes



Driver 

characteristics

Regional characteristics

Human factors

Exposure to risk

Travel activities

Travel behavior Traffic safety

Crash frequency

Crash severity

Life style

Driving style

Driving habits

Demographics 

etc

Policies and laws

Culture

Socioeconomics

etc

Understanding human factors



Multilevel framework

29



Human factors/behavior & psychology

ÅAt 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.

Å¢ƘŜ ŎƻǊŜ ŎƻƴŎŜǊƴǎ ŦƻǊ ǳƴŘŜǊǎǘŀƴŘƛƴƎ ŀ ǇŜǊǎƻƴΩǎ ŀŎǘƛƻƴǎ ǘƘǳǎ ŎƻƴŎŜǊƴ 
ǳƴŘŜǊǎǘŀƴŘƛƴƎ ǘƘŜ ǇŜǊǎƻƴΩǎ ƳƛƴŘǎŜǘ ŀǘ ǘƘŜ ǘƛƳŜ ǘƘŀǘ ŘŜŎƛǎƛƻƴǎ ŦƻǊ Ƙƻǿ 
to respond to their circumstances are made.

ÅThis 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?



Field models



Multilevel framework

32



Ghana crash records

www.nrsc.gov.gh

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


Ghana crash records

www.nrsc.gov.gh

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


Data cleaning and variable 
selection process



Ghana crash data 2013-2017

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



Snapshot of Ghana Crash records



Over 250 columns (Variables)

Snapshot of AL Crash records



Data limitations

ÅUnderreporting of lower severity crashes

ÅImproper and inconsistent data recording and 
handling

ÅLimited data collection

ÅaƛǎǎƛƴƎ ŀƴŘ άǳƴǊŜŀǎƻƴŀōƭŜέ Řŀǘŀ

ΧΦΦ

 UNOBSERVED HETEROGENEITY



Crash Modeling

ÅDescriptive ς finding factors associated with 
crashes

ÅPredictive ς forecasting crashes

ÅFrequency vs. injury-severity analysis

ÅBoth rely on statistics: 

üdescriptive

üinferential



Crash Modeling Methodologies

ÅCount data models (e.g. NB, Poisson, etc)

ÅDiscrete outcome models (Ordered and 
Unordered)

üTraditional methods

üAdvanced methods

ÅMultivariate statistics and Machine Learning 
techniques



SPF ExamplePredictive



Predictive



Descriptive



Descriptive



Interpreting crash modeling results

ÅGoodness-of-fit measures

A B C



Interpreting crash modeling results

ÅGoodness-of-fit measures

Injury severity results

Å Mean Absolute Deviation

Å Mean Absolute Percent Error

Å Log likelihood

Å R-Squared

Åé.

SPFs



Interpreting crash modeling results

ÅParameter estimates



Interpreting crash modeling results



ÅDirect factors:
üDemographics (e.g. age, gender, race)

üCondition (e.g. mental, emotional) at time of crash

üDriving styles that lead to crashes

ÅIndirect factors:
üAttitudes

üBeliefs

üPersonality traits (e.g. tolerance, inattentiveness, sensation 
seeking)

Modeling: Human-centered factors



ÅDriver factors:
üLatent Class Analysis (LCA)

ÅInjury severity analysis

üDriver factors

×Random parameters logit (RPL)

×Latent class logit (LCL)

üHuman-Centered factors:

×Multilevel analysis

Methodology



ÅLCA is a model-based clustering method for discrete data

ÅAssumptions: 
üeach observation of a heterogeneous data comes from one of a number of 

classes

üeach class is modeled with its own probability distribution

üvariables are independent given knowledge of a group

ÅThe overall population follows a finite mixture model, given as: 

 ὼ ͯВ “Ὢὼȿ—      (1)

where Ὢ is the density for group Ὣ, Ὃ is the number of groups, “ are the mixture proportions, 

π “ ρ, ᶅ Ὣ, В “ ρ and  — is the set of parameters for the group.

Latent Class Analysis



ÅEach variable within each group is modeled with a multinomial 
density.

ÅGiven that ὼ ὼȟȣȟὼ   the joint group density is expressed as:

 ὼȿὫ ͯ Б Б ὴ                 (2)

And the overall density is given by:

 ὼ ͯВ “Б Б ὴ    (3)

where ρὼ  Ὦ is the indicator function equal to 1 if the observation of the Ὥth variable takes value Ὦ and 0 
otherwise, ὴ  is the probability of the variable Ὥ taking a value Ὦ in group Ὣ, and Ὠ is the number of 

possible values or categories the Ὥth variable can take.

Latent Class Analysis



Å87,326 observations of 2011 - 2015 Alabama injury-related 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 (0.31)

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 (0.31)

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=No) 0.15 (0.36)

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

Crash data description



Variable

Class 1 (2%): 

risk takers

Class 2 (11%): 

speed seekers

Class 3 (10%): 

reckless drivers

Class 4 (31%): 

improper drivers

Class 5 (5%): 

fatigued drivers 

Class 6 (29%): 

erring drivers

Class 7 (12%): 

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

Results of Latent Class Analysis



RPL Model for Driver Factors

ÅRPL addresses unobserved heterogeneity in data

ÅRPL model formulation is obtained from the standard MNL by 
introducing random parameters with a mixing function as:

 ὖ Ὥȿ•
В᷿ᶅ

Ὢ‍ȿ•Ὠ‍  (4)

 where ὖ Ὥȿ• is the probability of injury severity i conditional on Ὢ‍ȿ•  

ÅRPL assumes continuous distribution of random parameters

Injury Severity Analysis



LCL Model for Driver Factors

ÅLCL also addresses unobserved heterogeneity in data

ÅLCL assumes discrete distribution in which unobserved heterogeneity 
is captured by membership of distinct classes 

ÅLCL model allows driver injury severity to have C different classes 
such that each class will have its own parameters with probability as:

 ὖ ὧ
Вᶅ

     (5)

where ὤ represents a vector that shows the probabilities of ὧ for crash ὲ, ὅ is the possible 
classes ὧȟ and ‌ represents the estimable parameters (class specific parameters) 

Injury Severity Analysis



LCL Model for Driver Factors

ÅThe probability of driver having injury severity Ὥ is given by:

 ὖ Ὥ Вᶅ ὖ ὧ ὖz ὭȾὧ    (6)

where ὖ ὭȾὧ is the probability of drivers to have injury severity level Ὥ for crash ὲ in class ὧ. 

ÅSubstituting (6) into (5), the LCL model for class ὧ will be:

 ὖ ὭȾὧ
Вᶅ

    (7)

where Ὅ represents the possible number of injury severity levels and ‍  is a class-specific 
parameter vector that takes a finite set of values

  

Injury Severity Analysis



Model Estimation Results for Driver Factors

  

MNL RPL LC 1 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) rp 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) rp 0.83 (11.60) -16.92 (-0.05)

Distracted 1.26 (41.57) 6.10 (5.74) rp 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) rp 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) rp 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 R2 0.069 0.183 0.193

Estimate (t-statistic). Halton draw of 200 was used for the RPL model (Bhat 2003). The random parameters found in the RPL model (indicated by rp 

superscripts) were assumed to be normally distributed (see Milton et al., 2008) and had statistically significant standard deviations at 0.05 significance level. 

Injury severity estimation results



Model Estimation Results for Driver Factors

  

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

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%

Injury severity estimation results



Other examples

ÅUnsafe lane changing crash severity model (AL)

ÅPedestrian injury-severity model (Ghana)







Ghana ped crash modeling results



Å Observations that are close in time and/or space are likely to be more similar

Å Crashes  and severities may be clustered.

Multilevel Analysis



ὢ ὤὣ ὢὢ

Level 1 predictors Level 2 predictorTarget

Sample crash data



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

ώ
ρ ‍ ‍ὼ ‐ π
π ὩὰίὩ 

‐ͯίὸὥὲὨὥὶὨ ὰέὫὭίὸὭὧ ὨὭίὸὶὭὦόὸὭέὲ

ώ ‍ ‍ὼ ‐

– ÌÏÇ
ὴ

ρ ὴ
‍ ‍ὼ

ὴ
ρ

ρ Ὡ

ὼ is explanatory 
variable

‍, ‍regression 
coefficients

– is logit or log odds

ὴ is probability of 
success

Logistic Regression



ὢ ὤὣ ὢὢ

Level 1 predictors Level 2 predictorTarget

Sample crash data



ÅFor the ith observation within jth sub-group, observe 
a binary response:

ὣ
 ρ ÆÏÒ Á ÆÁÔÁÌ ÃÒÁÓÈȟ 
π ÆÏÒ ÎÏÎ ÆÁÔÁÌ ÃÒÁÓÈ 

 ὣȿὴ  ͯBernoulli ὴ ȟ where ὴ  Pr ὣ ρ

ÅProbability, ὴ  of observation i from sub-group j 
ōŜƛƴƎ ŀ Ŧŀǘŀƭ ŎǊŀǎƘΣ ƎƛǾŜƴ ƻƴŜ άŘƛǊŜŎǘέ ŎǊŀǎƘ 
predictor ὢ  is:

ÌÏÇÉÔὴ – ‍ ‍ ὢ ρ

Multilevel logistic regression



ÅVariation in regression coefficients and introduction of sub-
group level explanatory variable (ὤ):

‍ ‎ ‎ ὤ ό  ς
‍ ‎ ‎ ὤ ό  σ 

 ό ȟό  ͯ ὔπȟ†  

ÅSubstitute (2) and (3) into (1)

– ‎ ‎ ὢ ‎ ὢὤ ‎ ὤ ό ὢ ό  τ

ὴ  υ 

Multilevel logistic regression



ÅICC indicates how much of the total variation in the 
probability of a observing a fatal crash is accounted for by 
the sub-group.

ÅLevel-1 residual follows a logistic distribution with a mean of 

0 and a variance of 

Ὅὅὅ
†

† σȢςω

Intra-class correlation



1. What is the serious injury crash rate of Alabama drivers? Do serious injury crash 

rates vary across sub-regions? (Model 1)

Multi-level traffic safety analysis



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

of a driverôs residence? (Model 1)

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)

Multi-level traffic safety analysis



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

3)

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)

Multi-level traffic safety analysis



Drug-impaired crash rate Alcohol-impaired 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 3911.394

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 7976.605

”
ρςσωρ

ρςσωρυψρχω
πȢρχφ”

ρφπρȢτφ

ρφπρȢτφ ρωτπȢτσ
πȢτυς

Multilevel linear regression



Drug-impaired crash rate Alcohol-impaired crash rate

Parameter Estimate (S.E)

Fixed Effects

Constant 49.89 (70.64)

Chlamydia rate 0.06 (0.03)

Homicide rate -3.63 (1.29)

Firearm fatalities 1.91 (0.89)

Excessive drinking 5.66 (3.35)

Stroke prevalence 0.14 (0.08)

Variance Components

County-Level 833.09 (284.48)

ZIP Code-Level 1980.24 (168.75)

-2 x Log Likelihood 3888.013

Parameter Estimate (S.E)

Fixed Effects

Constant -214.20 (138.95)

Diabetes prevalence 21.36 (6.48)

Teen birth rate -4.75 (1.53)

Adult smoking rate 25.72 (9.24)

Hypertension rate 1.10 (0.30)

Stroke prevalence -0.65 (0.21)

Variance Components

County-Level 1897.58 (1660.32)

ZIP Code-Level 58369 (3661.12)

-2 x Log Likelihood 7930.411

Multilevel linear regression



Data Data Data



Why do all these?

Beyond the numbers:

üBetter understanding of observed phenomena

üDevelop/modify solutions

üPolicies and decision-making

Safe Systems Approach relies on DATA



Existing ConditionsExisting Conditions Alternative 1Alternative 1

Alternative 2Alternative 2 Alternative 3Alternative 3

17.2 crashes/mile26.3 crashes/mile

8.6 crashes/mile 4.2 crashes/mile

Informed decision-making



QUESTIONS

ekadanu@ua.edu
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