
Investigating the factors affecting cycling 
accident severity: 

A Bayesian hierarchical mixture model 
approach

STA365 Course Project



Introduction

Identify problem

Cycling is 
increasingly 
popular → More 
people at risk of 
injuries

Aim to see how 
their severity can 
be reduced

EDA

Open-source data 
of Bicycle 
Accidents in Great 
Britain (1979 to 
2018):

Analyse data 
patterns 

Build model

Combine variables 
to create a 
Bayesian models

Compare different 
models using 
WAIC

Assess results

Look at inference 
diagnostics

Create MCMC 
chains, look at 
convergence and 
ess



EDA



63579 have 
missing data

(7.68%)

Data from two datasets

Accidents Dataset

Accidents Index

Date

Day

Time

Speed limit

Road type

Road conditions

Weather conditions

Light conditions

Cyclists Dataset

Accidents Index

Age Group

Gender

Severity

764282 
accidents

827861 
accidents



Merge the two datasets

When

Date

Day

Time

Conditions

Speed limit

Road type

Road conditions

Weather conditions

Light conditions

Cyclist’s information

Age Group

Gender

Response variable

Severity



Response Variable: Severity

Binary indicator:
Fatal / Serious = 1
Slight = 0



Cyclist’s characteristics in terms of severe rate

Gender Proportion Severe rate 

Male 0.7979 18.2%

Female 0.2021 17.0%

Age Group Proportion Severe rate

55 or below 0.9304 17.2%

Over 55 0.0695 27.1%

Severe rate 55 or below Over 55

Male 17.6% 27.0%

Female 16.0% 27.4%

Severe rate:  proportion of accidents being serious or fatal

Subpopulations 
behave differently



Month and Weekday

Binary indicator:
Weekdays = 1
Weekend = 0*%:  proportion of accidents being serious or fatal



Time



Road condition

Binary indicator:
Dry = 1
Others = 0

*%:  proportion of accidents being serious or fatal



Weather condition

*%:  proportion of accidents being serious or fatal

Binary indicator:
Clear = 1
Others = 0



Road Type

Binary indicator:
Dual carriageway = 1
Others = 0

*%:  proportion of accidents being serious or fatal



Light condition

Binary indicator:
Darkness no lights = 1
Others = 0

*%:  proportion of accidents being serious or fatal



Speed limit

*%:  proportion of accidents being serious or fatal



Missing Value Imputation



Model Setup

●  



Bottleneck

●  



A Simplification

●  



Model Implementation

 

 

Prior for Regression 
Parameters

Samples from the posterior predictive of logistic regression (the imputed 
values)



Diagnostics

Trace plot for normal 
prior

Trace plot for uniform 
prior



Diagnostics

Number of MCMC 
samples

2000  

ess_bulk Lowest: 1484 ; 
Highest: 2255

All have good effective 
sample size

Split r_hat All < 1.05 & extremely 
close to 1.0

Passed similarity test



Posterior Predictive Distributions

Posterior predictive 
for uniform prior

Posterior predictive 
for normal prior



Code to Obtain imputed values



Model building



Outline 

Where?
- Road condition
- Road type
- Weather condition
- Light condition
- Speed limit

Who?
- Gender
- Age group

When?
- Time section
- Day of week

Hierarchical model Variable selection Mixture model



Hierarchical structure



Hierarchical structure justification



Hierarchical structure set up



Visualization of structure



Variable selection



Variable selection set up



Spike and slab posterior inferences results

Selected condition variables: Light condition, Weather condition



Complete model



Hierarchical Time/Day structure + selected variables

Hierarchical 
structure

Standard normal prior 

Standard normal prior 

Logistic regression model

Selected 
condition 
predictors



Inference Diagnostic PART 1



Posterior distributions of betas



Convergence and effective sample size

Number of MCMC samples 2000

Number of variables 115

ess_bulk Lowest: 1389 (~70%); 
Highest: 2662 (~133%)

High effective sample 
size

Split h_hat All below 1.05 Passed similarity test



Modeling Diagnostics PART 1



WAIC comparison

Model Simple  logistic regression model Our model

Description Normal priors on all betas ● Hierarchical structure on Time/Day 
● Normal priors on selected condition 

predictors

elpd_waic -68.830915 -67.620926



Mixture model



Mixture model

...
Hierarchical structure and variable selection

Mixture model 
structure

Logistic regression 
model with mixture

Gender

over55



Visualisation of structure

Hierarchical model

Linear combination of predictors

Outcome is logistic regression model

Mixture components
Selected variables



Inference Diagnostic PART 2



Posterior inference of betas
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Alpha Beta

Male

Female

Under 55

Over 55

Mixtures



Convergence and effective sample size

Number of MCMC samples 2000

Number of variables 121

ess_bulk Lowest: 261 (~13%); 
Highest: 2668(~133%)

Most have good effective 
sample size

Split r_hat All < 1.05 Passed similarity test



Modeling Diagnostics PART 2



WAIC comparison

Model Simple logistic regression model Our model without mixture Our model with mixture

Description Normal priors on all betas ● Hierarchical structure on 
Time/Day 

● Normal priors on selected 
condition predictors

● Hierarchical structure on 
Time/Day 

● Normal priors on selected 
condition predictors

● Mixture component on Gender 
and Age

elpd_waic -68.830915 -67.620926 -66.733539



Conclusion



Conclusion

When?

Hierarchical structure: 
TimeDay depends on 
Time section

Conditions

Variable selection: At 
Night and in the dark 
with no lights

Cyclist’s 
characteristics

Mixture model:       
over55 and Gender

Final model combined all three types of predictors


