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Introduction

Background

o Radon is a radioactive gas which présents the primary source of 
background radiation

o It is known to be the second leading cause of lung cancer
[Samet and Eradze, 2000] responsible for about 2% of cancer deaths 
in Europe [Darby et al., 2005]

Cohorts of uranium miners 
present an important source of 
information on the association 
between radon and lung cancer
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Background

Introduction

o Exposure measurement error may cause bias in risk estimâtes, a 
distortion in the exposure-risk relationship and a loss in power
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Introduction

Background

o Exposure measurement error may cause bias in risk estimâtes, a 
distortion in the exposure-risk relationship and a loss in power

o Classical methods to account for measurement error may lack the 
flexibility to account for complex measurement error characteristics 

o The hierarchical Bayesian approach provides a flexible and coherent 
way to model

o Measurement error in time-varying exposures 
o Heteroscedastic measurement error
o Measurement error that is shared between or within subjects
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Introduction

Account for exposure measurement error in the association 
between radon exposure and lung cancer mortality

Measurement
error
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Material and Methods

The French Uranium Miners’ Cohort

1946

mean cumulated 
exposure: 

36.61 WLM1 
(0.003-960.11

1Working Level Months (WLM)

alive:
n = 2924

deceased:
n = 1935

deceased by lung 
cancer

n = 211 (11%)
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Material and Methods

Radon exposure in the French cohort of uranium miners
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Material and Methods

Radon exposure in the French cohort of uranium miners

Reconstructed

1956 J
measurements

Year
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Material and Methods

Radon exposure in the French cohort of uranium miners
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Material and Methods

Period 3 - Individual dosimetry

Unshared
classical measurement error
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Material and Methods

Period 2 - Prospective group exposure assessment

'3

j(L) true mean 

exposure

Xji(t)
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Material and Methods

Period 2 - Prospective group exposure assessment

Classical measurement error 
shared between miners

Xj2(t)

true mean 

exposure

Xj1(t)

S. Hoffmann, C. Guihenneuc, S. Ancelet

□ ► < g ► < ►

ISCB 2019, Leuven

>0 0.0
7/19



Material and Methods

Period 2 - Prospective group exposure assessment

Berkson error
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Material and Methods

Period 2 - Prospective group exposure assessment

Timepoint 1 Timepoint 2

Berkson error 
shared within 

miners

o ► <9
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Material and Methods

Period 1 - Rétrospective group exposure assessment

Timepoint 1
Xi2(tl)

Zi

: true mean

exposure

Timepoint 2
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Material and Methods

Period 1 - Rétrospective group exposure assessment

Timepoint 1 Timepoint 2

Classical measurement error 
shared both between and 

within miners
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Material and Methods

Period 1 - Rétrospective group exposure assessment

Timepoint 1 Timepoint 2

Berkson error 
shared within 

miners

rue mean 

exposure
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Material and Methods

Summary of measurement error characteristics in the cohort
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Material and Methods

Summary of measurement error characteristics in the cohort
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Material and Methods

Modelling classical measurement error

In a hierarchical Bayesian approach, we can account for classical 
measurement error using the following conditional independence models 
([Richardson and Gilks, 1993]):

o disease model: [Y\X;,fi\ 

o measurement model:
[Z; \X; ,a] for classical error 

o exposure model: [X;\V;, n\ for classical error
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Material and Methods

Modelling Berkson measurement error

In a hierarchical Bayesian approach, we can account for Berkson 
measurement error using the following conditional independence models 
([Richardson and Gilks, 1993]):

o disease model: [Y|X;,fi\ 

o measurement model:
[X;|Z;,a\ for Berkson error
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Material and Methods

The disease model: Modelling failure times

Yi = min(7(-, C,) , ô, = 1 [T.<Q]

hi(t) =ho(t) | 1 + P^Xiq(t) 
q=1 10000 25000 40000

Age in Days

o Describe h0(t) by a piecewise constant hazard model
h0(t) S1 = 40 years ©2 = 55 years S3 = 70 years

-i------------ H
Si S2 15-1929 -2425 -29 30-34 35-3940-44 45-49 50 -5455-59 60-6465 -60 70-74 75-7980 -84 85*

Age in years
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Material and Methods

The disease mode!
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Material and Methods

Measurement and exposure models

First period 1946 - 1955:

o Classical measurement error 
shared both within and 
between miners:
‘Z1 = Z ■ uj-

o Berkson error shared within
miners:

- Xj (t ) = j T (t ) ■ U,1

The exposure model:

o Zj ~ (M« )
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Material and Methods

Measurement and exposure models

First period 1946 - 1955:

o Classical measurement error 
shared both within and 
between miners:
‘Z1 = Z ■ uj-
O Uj1 -CN - Zf ,al.

o Berkson error shared within 
miners:

9

9

X(t) = i ■ Tu(t) ■ U,1

U,1 - CN
Ui

U

2

The exposure model:

O il - CN(^ )

Second period 1946 - 1955:

o Berkson error shared within 
miners:

9

9

Xj(t) = Zf{t) ■ U;2

Ui2 -CN -2U2
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Material and Methods

Accounting for shared classical and Berkson error

S. Hoffmann, C. Guihenneuc, S. Ancelet

□ ► g ► 4 ► 4 = ►
ISCB 2019, Leuven

•O AO
14 / 19



Material and Methods

Bayesian inference

Target: Joint posterior distribution of G = (P, X, A, aÊ, ^x, ax)
n Qi

[G\y. Z] a [p][A]n yi1 £ Xiq,P,X
i =1 q=1

■ M^zq .*22]
i=1 q=1 

n Qi

■ nn [K&, t (t ),*21 ]
i=1 q=1

J

[« iN TI [z i\£j,(Ju*] [6\^
j=1
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Material and Methods

Bayesian inference

Target: Joint posterior distribution of 0 = (P, X, A, aÊ, ^x, ax)

Qi

yi IE xiq ,P,X
q=1

[0|y, Z] k [P][Ain

i =1

■ .*22]
i=1 q=1 

n Qi

■ nn ik i o, t (t ),*2i ]
i=1 q=1

J

[(î][*£TI [Z i\£j,au*] [£j\(î.*î 
j=1

Adaptive Metropolis-Within-Gibbs algorithm developed and tested in
Python to sample from the joint posterior distribution

y i y .
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Material and Methods

Prior distributions

■ \P]: P ~N(0,104)

, \A] : Xj ^ G(aoj, Xqj) for each component j, j — 1,..., 4

si = 40 years S2 = 55 years S3 = 70 years

15-1930-2425-3930-3435-3940-44 45-4050-54 55-5900-6465-6970-7475-7990-84 85.
Age in years
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Material and Methods

Prior distributions

[p]: p ~ N(0,104)

- [A]: Àj G(a0j, Àqj) for each component j, j = 1,..., 4

, [^]: (-0.8, 5.76)

o [ct|]: ct| ~IG(0.01, 0.01)

o [ctu]: No validation sample available, fix values at estimates based on 
previous work [Allodji et al., 2012]
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Material and Methods

Results

Model Uncorrected EHR EHR corrected 
for unshared ME

EHR corrected 
for shared Berkson error

EHR corrected 
for shared Berkson 
and classical ME

Risk estimate 0.87 0.90 0.99 1.44
(per 100 WLM)

95% Credible interval [0.49;1.36] [0.51;1.41] [0.48;1.73] [0.66;2.69]
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Material and Methods

Results

Posterior distribution for (5
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Discussion

Discussion

o When assuming a measurement model that realistically describes the 
exposure uncertainty in the cohort, we find a substantial increase in 
the risk estimate for radon

S. Hoffmann, C. Guihenneuc, S. Ancelet

□ ► g ► 4 ► 4 = ►
ISCB 2019, Leuven

•O AO

19 / 19



Discussion

Discussion

o When assuming a measurement model that realistically describes the 
exposure uncertainty in the cohort, we find a substantial increase in 
the risk estimate for radon 

o Outlook:
o Assess the influence of model misspecification 
o Compare the proposed methodology with classical methods for 

measurement error correction 
o Account for additional sources of dose uncertainty

O0
G D 

G - ©

0

____ .
(t)

Z2(t)

X2(t) ,
observed annual 

exposure 
(Berkson per i od)

mod fy i ng 
variables

true cumulated true annual 
dose dose

time until death 
by lung cancer

Zi3(t)
annual 

exposure 
after 1983
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Discussion

Thank you for your attention
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Convergence diagnostics: Trace plots

Trace of sigmaksi Trace of ksi FOR
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Convergence diagnostics: Autocorrélations for beta
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Effects of shared and unshared measurement error

Table 1. Average posterior médian {fi), overall 95% crédible intervals (CI95%), relative bias and coverage rate for 100 data sets generated according to the Cox model 
Z>2, a measurement model among Ai0 to Ai8 and a true risk coefficient of fi = 2 per 100 WLM.

Model Type of sharing Type of error Error variance P Cl95% Relative bias Coverage rate

M, unshared Berkson 0.1 1.81 [1.64; 1.99] -0.10 0.10

0.8 1.25 [0.97; 1.49] -0.38 0.00

m2 classical 0.1 1.75 [1.55; 1.93] -0.13 0.02

0.8 0.83 [0.45;1.21] -0.59 0.00

m3 between Berkson 0.1 1.82 [1.62; 2.01] -0.09 0.22

0.8 1.25 [1.03; 1.47] -0.38 0.00

M, classical 0.1 1.75 [1.53; 1.94] -0.13 0.05

0.8 0.80 [0.44; 1.16] -0.60 0.00

m5 within Berkson 0.1 1.45 [1.12,1.69] -0.28 0.00

0.8 0.76 [0.54; 0.97] -0.62 0.00

m6 classical 0.1 1.33 [1.04; 1.58] -0.34 0.00

0.8 0.39 [0.17; 0.62] -0.81 0.00

M, both Berkson 0.1 1.46 [1.11; 1.78] -0.27 0.00

0.8 0.77 [0.54; 1.00] -0.62 0.00

M„ classical 0.1 1.42 [1.04; 1.72] -0.29 0.00

0.8 0.49 [0.13; 0.86] -0.76 0.00

M0 none none 0 1.96 [1.80; 2.13] -0.02 0.95

httpsy/doi.org/10.1371 /jou rnal.pone.0190792.t001
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Effects of shared and unshared measurement error
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Validation of the algorithm: Simulation study

n = 1000 miners

o Adapt a method based on piecewise exponential variables proposed by 
[Hendry, 2014] to generate survival times depending on a continuous 

time-varying exposure 

P = 1

o ah = 0.8 and ah = 0.5 

o Random censoring (exponential distribution)

Flat prior distributions

a£p ~ N(â£p, 0.02) for p G {1,2}
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Classical error: /3 = 1
Uncorrected risk estimate:
fîmedian = 0.42 [0.17, 0.76] 
with cover probability 0.20

Corrected risk estimate:
médian = 0.995 [0.415, 1.921] 

with cover probability 0.95

S. Hoffmann, C. Guihenneuc, S. Ancelet

3I>' -E 'OQ^CV

ISCB 2019, Leuven 19 / 19

aocaergn i j kimnopqrstuvwxyz 
Data frames

aocoetgn i j k imnopqrstuvwxyz 
Data frames



Berkson error: fi = 1
Uncorrected risk estimate:
fîmedian = 0.83 [0.42, 1.40] 
with cover probability 0.90

Corrected risk estimate:
médian = 1.066 [0.499, 1.966] 

with cover probability 0.94
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