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Critical Issues in Crash Causation, Crash Analyses 
and Crash Countermeasures

What’s our definition of a crash?
What is a cause? What is a crash cause?
How does the analytical approach we use bias 
the causes we uncover?
How does the framing of the database 
determines our analysis?
How does the quality of our data affect our 
findings (GIGO: garbage in – garbage out)?
Do we really need to know the ‘cause’ to 
determine the countermeasure?
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The Assumed Medical Model

If you understand the cause you can develop the 
countermeasure
Understanding the cause is a necessary condition 
for developing the cure
Having the skills, technology, knowledge, money, 
culture – are all sufficient conditions.
The questions is: Does this work in traffic safety? 
The study of crash causation usually assumes 
that.
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Applying the Medical Model of 
Disease Eradication to Traffic Safety
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What is a Cause? David Hume
(An Inquiry Concerning Human Understanding, 1748).

We cannot deny the concept of causation, 
but we cannot prove it sufficiently. This is 
because basing causation on induction, 
assumes that the future will resemble the 
past. We have no proof for this. 
Inductions – unlike deductions – can at 
best prove probability.
Examples: 

Solar eclipse 
Drinking crashes
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What is a ‘cause’? John Stuart Mill. 5  
Logical contingencies for causation (1843)

1. Method of agreement: if a single common 
factor (e.g. DWI) exists in all cases where a 
phenomenon occurs (e.g. crash), then we can 
attribute the phenomenon to that factor (necessary 
condition). 

2. Method of difference: if one set of 
circumstances (e.g. DWI) leads to a given 
phenomenon (e.g. crash) and another set of 
circumstances (e.g. driving sober) does not (e.g., 
no crash), and the sets differ only in a single factor 
(alcohol) that is present in the first set and not in 
the second set, then the phenomenon (crash) can 
be attributed to that factor (sufficient condition). ICTCT  8.11.2012 David Shinar
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What is a ‘cause’? John Stuart Mill. 5 
Logical contingencies for causation (1843)

3. Joint method of agreement and 
difference: when both conditions exist

4. Method of residue:–if several factors 
account for several phenomena and there is one 
phenomenon left and one factor left, then it 
causes it (e.g. fatigue-related fatal crashes). 

5. Method of concomitant variations: if a 
set of phenomena vary in accordance with a set 
of factors than the latter causes it (Dose-
response relationship). 
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How strong is causality in crashes?

In highway Safety Research 
Support for crash causation is 
based on: 

Re D. Hume: shaky-theory, and  
Re J.S. Mill: statistically-based 
and typically weak contingencies.
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What’s a highway traffic crash 
Cause? 

Pat Waller’s baseball umpires analogy
Highway Safety Research Approach to 
crash causation depends on:

Who you ask: crash investigator vs. data base 
analyst
The tools you have: objective observable case 
details vs. interviews vs. statistical controls
The orientation: focus on ‘why’ vs. violation vs. 
prevention (psychologist - police – engineer)
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Cause is in the Eye of the Beholder: 
The Oxfordshire crash data - Police

An INVESTIGATION and REPORT on FOUR YEARS’
FATAL ACCIDENTS IN OXFRODSHIRE
Study analyzed the causes of 148 fatal accidents in 

Oxfordshire over a 4-year period
Definition: a contributory factor is one that had it been 

removed the accident would have been prevented
Study background: according to the police “fewer than 

1% of accidents are primarily due to road defects and 
that in only 3% of cases are road defects contributory 
to any degree”
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It is probably correct to say that personal error is a 
contributory cause in every accident other than those 
due entirely to “Act of God”.
Unless we are to assume that the behavior of road 
users is capable of being perfected, there is little 
significance in this statement.
There were 146 accidents with personal error but that 
does not mean that the error was in the nature of gross 
carelessness or misbehavior.
In many, indeed the error was such that any normal 
person might commit under the stress of circumstances 
or owing to momentary lack of attention.

Cause is in the Eye of the Beholder: 
The Oxfordshire crash data - Approach 
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Cause is in the Eye of the Beholder: 
The Oxfordshire crash data - Engineering

In this analysis of 148 fatal accidents:
‘Ordinary’ road defects were contributory to 
36% of the accidents.
‘Major’ road defects were contributory to 
another 17% of the accidents.
‘Major and ordinary’ road defects were 
contributory to 23% of the accidents.
‘Ordinary and/or major’ road defects were 
contributory to 76% of the accidents.
Source: M.S. Gilutz, Oxford, The Vincent Works, 1937.
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Current Approaches to Crash 
Causation and Crash Analyses

Micro: Clinical case study approach
In-depth
Multi-disciplinary

Macro: Statistical data bank approach
Data developed for other purposes (police, medical)
Reliance on multi-variate analysis (e.g., regression)

Naturalistic Driving Studies -
Prospective in-vehicle monitoring of driver behavior 
(Hi-Tech version of the clinical case study)
With more objective data, added exposure data, but…
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The Driver as the Central Information 
Processor in the Crash Causation Model (Fell, 1976)
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THE IU study: Tri-Level Study of 
the Causes of Traffic Accidents 
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IU Study – subjective but very 
structured.
Inclusion criteria: time of arrival, cooperation
Evaluation of H E V contributions by experts
Group decision on 

Probability of  Presence: p(P)
Probability of Causation given presence: p(C|P) 
Causal attribution: p(C,P) = p(C|P) * p(P)

Categorization
Definite  p(C,P) =   >.95
Probable p(C,P) =  .80 - .94
Possible p(C,P) =  .20 - .79
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The Role of the Human, Environment, and 
Vehicle in Crash Causation (Treat et al., 1979) 
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How Can Number of Causes Exceed 
Number of Crashes (Treat et al., 1979) 
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Differences between In-Depth and 
On-Site Statistics (Treat et al., 1979)
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In-Depth Multi-Disciplinary Crash 
Analysis: UK vs. US (Rumar, 1985)

UK
US

Sabey and Staughton,  
1975, Interacting roles 
of road environment, 
vehicle, and road user 
in accidents.

Treat et al., 1977, 
Tri-Level Study of 
Causes of Traffic 
AccidentsICTCT  8.11.2012 David Shinar



Summary of 4 post-hoc clinical 
studies of crash causation (%)

NMVCCS
2008

UDA
1999

IU
1977

UK
1975

97999394Human

3353428Environment

121138Vehicle

132105140130Total %
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The IU Tri-Level Study Model
(Treat, Tumbas, McDonald, Shinar, Hume, Meyer, Stansifer, and Castellan, 1977)
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The IU Tri-Level Study Model
(Treat, Tumbas, McDonald, Shinar, Hume, Meyer, Stansifer, and Castellan, 1977)
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Top 10 
Human 
Causes 
in IU 
Study

Total attention problems (with external distraction) = 51.4%
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Crash Reduction Implications of 
Results from In-Depth Studies

Most crashes happen to ‘normal’ drivers under 
‘normal’ conditions: not impaired.
Most of the factors are ‘errors’ and ‘mistakes’ –
inattention, delayed perception, erroneous 
decisions, poor skills
Intentional Violations – such as speed and 
aggressive driving - are in the minority
What are the implications for

Engineering/design?
Driver education/Public campaigns/Enforcement ? 
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Statistical Associations need large data sets. 
Quality of Data is problematic – DWI Example
World wide – Crashes and DWI crashes are going down 
(ETSC 2012)
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Statistical Associations need large data sets. 
Quality of Data is problematic – DWI Example

In Israel –
Going up? 
Based on 
police records. 
But then DWI 
checks are 
increasing –
and hospital 
statistics 
indicate 
greater 
involvement of 
DWI – 14.5% 
in 2007.
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The Data Source: Police versus Hospitals 
(Elvik et al., 2009)
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Causation Based on ‘Theory Free’
Statistical Associations

Rely only on supposedly observable, 
objectively measurable, data 
elements.
Draw conclusions based on logistic 
regressions, relative risks, odds ratios
But to be causal, the associations 
have to meet certain requirements –
formulated by Hill (Pres. Brit. Royal Soc. Med)
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Safeguards for Causation (7) from 
Statistical Associations (Hill, 1965)

1. Strength (e.g., alcohol vs. other drugs)
2. Consistency (e.g., alcohol vs. daytime running lights)
3. Specificity – of conditions 
4. Temporality – the order of events (e.g. cellphones)
5. Biological Gradient - dose-response relationship 
6. Theoretical plausibility 
7. Coherence – the consistency with other related 

phenomena.

Sir Austin Bradford Hill, past president of the British Royal Society of 
Medicine. (Proc. Royal Soc. Med. Section on Occupational Med., 1965, 
295-300) ICTCT  8.11.2012 David Shinar



Predicting Crashes Using 
Statistical Contingencies: 3 Examples

1. Vehicle color affects(?) crash likelihood
2. Economic situation/recession affects(?) 

crash likelihood
3. Level of motorization affects(?) crash 

likelihood
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Statistical Analysis of Vehicle Color as
Crash Cause (Furness, Connors, Robinson, et al. 2003)
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Statistical Analysis of Vehicle Color as
Crash Cause (Furness, Connors, Robinson, et al. 2003)
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Statistical Analysis of Vehicle Color as
Crash Cause (Furness, Connors, Robinson, et al. 2003)
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Statistical Analysis of Vehicle Color as
Crash Cause (Furness, Connors, Robinson, et al. 2003)
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Possible Effects of Economic 
Recession on Crash Rates

Economic recession reduces:
Employment and work related travel
Pleasure trips
Number of new cars on roads
Number of trips during rush hours

Economic recession increases:
Depression and alcohol consumption 
Driving while intoxicated
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R2 = 0.93
1975-1982שנים  

Model: Unemployment as 
Predictor of Crashes  (Partyka, 1984)
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Fatalities = -96.781 – 1.857xUnemployed workers/1000 + 
0.497xEmployed Workers/1000 +0.962 Non-Labor Force/1000 
– 3995 if 1974 – 4824 if 1974 or later

R2 = 0.98
1960-1982שנים 

Model Applies Even Farther Back 
with 1974 Oil Embargo Factor
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But Partyka adds

The model can estimate the contribution of 
the factors included in it, but not factors not 
included
The model demonstrates an association –

not causality
Using the model to predict future crashes is 
problematic if it relies on data outside the 
original range
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Or in David Hume’s Words 

basing causation on induction, 
assumes that the future will resemble 
the past. This is something for which 
we have no proof. Inductions, as 
opposed to deductions, can only 
predict probability, but can never 
prove the thing they purport to prove.
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R2 = 0.64
1960-1989שנים 
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And So, Validation of the Model 
in 1992 is Disappointing
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Israel as a case sample: Are Drops 
in Crashes Due to Recessions?

In 2009 following the .com bubble 
burst, there was an increase in 
unemployment and fatalities dropped to 
lowest level since 1965
But, between 2005 and 2008 there was 
an economic boom, a drop in 
unemployment – and a drop in fatalities 
and fatal crashes
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Israel: Monthly Unemployment 
Rates and Fatalities 2005-2008
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Some Predictions May Work – Koornstra’s
model using Gompertz Growth Function
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Koornstra’s Plot of Fatality Rate 
over time in Israel
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If we multiply km-driven by predicted 
fatalities per km, we get?

46

Predicted fatalities = Kilometers driven X     
Predicted fatalities per km
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Postdicting and Predicting Israeli 
fatalities with Koornstra’s model 

47

 2008
433
2009
346

2010 
375

2011 
383

2012 
290 (est)
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Now Comes the Newest Approach: 
“naturalistic driving study” – citations in 
www.scholar.google.com
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NDS - Prospective, In-Vehicle 
Monitoring Approach
Install monitoring and recording equipment in vehicles 
and let them travel as usual.
Automate data recording and storage to analyze the 
last few seconds prior to a crash (w DAS – Data 
Acquisition and Storage)
Obtain objective data from which behavior can be 
inferred

View scene as it was available to the driver and view the 
driver actions just before the crash
Obtain objective vehicle and roadway performance data

But add insights from valid driver reports that can be 
corroborated with objective data
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Are Such Studies Feasible? 
Popular? Practical?
They are feasible:

100 Car - U.S. Study
PROLOGUE - EU Study

They are popular
SHRP2 (U.S.A. and Canada ~ vehicle/yrs ~ $60m)
UDRIVE (EU ~ 470 vehicle/yrs ~ $11)
Beginnings in Australia and Japan 

Practical? – time will tell.
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Looking Back: What have we 
learned from the 100-car study

Crashes are rare events – especially police-reported 
crashes – (12 of 69 ‘crashes’ for ~2m vehicle-miles)
The NDS provides a within-subject case control by 
providing exposure/control data for every crash
Inattention is the major human factor – 78% 

Secondary task engagement (e.g. wireless)
Fatigue 
Driving-related inattention to roadway ahead (e.g. mirrors)
Non-specific eye glance (towards a blank area)
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Main Conclusions (for me at least)

If we want to focus on specific 
types of crashes in specific 
circumstances, with specific types 
of drivers we need a very very
large sample
Key crash cause is inattention: 
causal factor in >75% of crashes

David Shinar 52ICTCT  8.11.2012



IU Study vs. SHRP2 NDS

Indiana University
Retrospective
Clinical
Little corroboration of 
driver/occupant reports
Somewhat representative
Very limited geographic area

Detailed environmental data 
– but missed transient cues
No exposure data

SHRP2
Prospective
Statistical
Relies mostly on “hard”
vehicle based recordings
Skewed/biased
Much greater and more 
varied catchment area
Detailed environmental 
data – with transient cues
Exposure data can be 
gotten from same drivers
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I.U. vs. SHRP - Where do expert 
opinions and insights come in?
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IU

SHRP2

Inputs Throughputs Outputs

Observed 
scene+vehicle
Driver reports

Recorded 
digital and 
video data

Frequencies in 
preconceived 
categories

?
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Biggest challenges to NDS (Based 
on SHRP2 Experience)

Sample bias – safety-oriented older volunteers
Sample size – too few crashes
Data reduction – May be different for different 
questions. ‘Chunking’ is suggested by specific 
relevant conditions.
Dissemination to stakeholders - researchers, 
manufacturers, and lawmakers. Problems:

Data base is complex 
Privacy issues abound.
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Added value of NDS – so Much 
has Changed since IU Study

Cars are different (e.g., IIHS ‘59 Chevy Bel Air vs. 
‘09 Malibu)

http://www.youtube.com/watch?v=joMK1WZjP7g

Infrastructure has changed (e.g., medians, traffic 
circles)
Traffic mix has changed (more pedestrians, 
cyclists)
Drivers have Changed too: safety oriented, uses 
belts, refrains from DWI, but time-shares, and 
goes as fast as ever.
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Added value of NDS
Almost 40 years since IU study – all has changed

Cars are different (e.g., IIHS ‘59 Chevy Bel Air vs. ‘09 Malibu)
http://www.youtube.com/watch?v=joMK1WZjP7g

Infrastructure has changed (e.g., medians, traffic circles)
Traffic mix has changed (more pedestrians, cyclists)
Drivers have Changed too: safety oriented, uses belts, 
refrains from DWI, but time-shares, and goes as fast as ever.

Things not considered before:
What if we find the same things? Will we understand 
them better and plan better countermeasures?
What if we don’t find the same things? How will it affect 
future highway safety programsDavid Shinar 57ICTCT  8.11.2012



Where can we expect the ‘big’ payoff 
relative to driving behavior?
Not just in understanding crashes, but in 
understanding driving behavior in specific 
contexts and with specific vehicle systems -
which is >99% of the time we are on the road.
We can study:

Risky driving
Adjusting to adverse weather and road conditions,
Driving styles of men and women of different ages
Impact of new technologies on behavior
Driving while impaired
Inattention in more details than ever before
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Where can we expect the ‘big’ payoff 
relative to driving performance?
In understanding driving performance under 
pressure: in the context of incidents, near-
crashes, and crashes.
We can study the impact on performance of:

Information overload and underload
Unfamiliar or unexpected situations
Gender, age, and driving skills
Impact of new e-safety technologies 
Impairments
Inattention in more details than ever before
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Things to Consider

What if we find the same things? 
Will we understand them better and plan 
better countermeasures?

What if we don’t find the same things? 
How will it affect future highway safety 
programs?
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