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PTB A Simple Example

Introduction
Table 8 — A series of n = 6 sets of simultaneous indication values, obtained independently, of the input

Content quantities for the measurement of resistance and reactance (9.4.1.3)

Simple Example MC Set  V/V I/mA  &/rad

1 5007 19063
MCMC basics . 2 4.004  19.639
device 1 3 EO0S  19.640
4 4990 19085
. 5 4.900 19678
MCMC applied 6 Loen 19.061 device 2 (high precision)

Summary » measurand: V, Iand Z=V/I

» assume: bivariate N-distribution with means (\{)
known covariances UL # U2
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PTB A Simple Example

Introduction
Table 8 — A series of n = 6 sets of simultaneous indication values, obtained independently, of the input
quantities for the measurement of resistance and reactance (8.4.1.3)

Content
Simple Example MC Set VNV IfmA @frad
1 5007 19.663
MCMC basics . 2 4991 19639
device 1 3 EO0S  19.640
4 4990 19685
. 5 4.900 19678
MM applicd G 4000 19.661 device 2 (high precision)

Summary

» measurand: V, I and Z=V/I

» assume: bivariate N-distribution with means (\{)
known covariances UL # U2

=  GUM not applicable
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Introduction

Content

Simple Example MC

MCMC basics

MCMC applied

Summary

GUM example (s2 [BIPM et al., 2011, Ex. 9.4], Revision [Ex. 5.3])

Table 8 — A series of n = 6 sets of simultaneous indication values, obtained independently, of the input
quantities for the measurement of resistance and reactance (8.4.1.3)

Set  V,/V I/mA  &/rad

1 5007 19.663
. ] 4994 19.639
device 1 3 EO0S  19.640
4 4.990  19.685
5 4000 LO.6TE

G 4.999  19.661 device 1

» measurand: V, I and Z=V/I

> assume: bivariate N-distribution with mean (Y),
known covariance UL = U2

= Eh T e
= 81
H
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S
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GUM example (s2 B1PM et al., 2011, Ex. 9.4] i
Introduction Q
Tahle 8 A sories of n = 0 sets of simultaneons indicatio _ o
quantities for the measurement of resist ~
Content
Simple Example MC Set 1 /ma ]
1 19,661 o
MCMC basi . 2 19,634 o
e device 1 3 19,640 =
4 19,655 T T T T
. 5 19.678
MCMC applied G 15,661 4.98 4.99 5.00 5.01
Summary v
» measurand: V, Tand Z=V/I

> assume: bivariate N-distribution with mean (¥),
known covariance UL = U2

= Monte Ca r|0 (R code with mvtnorm package, [R Core Team, 2015])

MC=rmvnorm(n=10"4,mean=colMeans (data) ,sigma=Ux)
Z=MC[,1]1/MC[,2]*1000
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Summary > measurand: V, Tand Z = V/I

> assume: bivariate N-distribution with mean (Y),
known covariance UL = U2

= Monte Ca rIO (R code with mvtnorm package, [R Core Team, 2015])

MC=rmvnorm(n=10"4,mean=colMeans (data) ,sigma=Ux)
Z=MC[,1]/MC[,2]*1000
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Summary > measurand: V, I and Z = V/I

> assume: bivariate N-distribution with mean (¥),
known covariance UL = U2

= Monte Ca rIO (R code with mvtnorm package, [R Core Team, 2015])

MC=rmvnorm(n=10"4,mean=colMeans (data) ,sigma=Ux)
Z=MC[,1]1/MC[,2]*1000

MCMC methods BIPM Workshop on Measurement Uncertainty, Paris, 15/06/2015 — p. 3/18




PTB A §imple Example for MC

18
« &
o
8 o |
N -
3 o |
Introduction 2 > °
N g8 o]
o 8 S
Content 3
« <
Simple Example MC - S A
g o
MCMC basics S
°
@ - o J .l
g 3
MCMC applied T T T T J T T T T T T 1
0 2000 4000 6000 8000 10000 2530 2535 2540 2545 2550 2555

z

Summary > measurand: V, I and Z = V/I

> assume: bivariate N-distribution with mean (¥),
known covariance UL = U2

= Monte Car|0 (Matlab® code with statistics toolbox, [MATLAB, 2015])

MC=mvnrnd (mean(data) ,Ux,1ed);
Z=1000*MC(:,1)./MC(:,2);
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Summary Index z

» measurand: V, Tand Z=V/I

. . .. . . v
> assume: bivariate N-distribution with mean (3 ),

known covariance UL = U2
= Monte Carlo

» draw independent samples from input pdf
» transform by measurement fct.
= estimates, uncertainties, coverage intervals, ... (if existent)
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BZPIB A simple Example for MCMC

GUM example (s2 [BIPM et al., 2011, Ex. 9.4, Revision [Ex. 5.3]) Modified

Introduction

Table 8 — A series of n = 6 sets of simultaneous indication values, obtained independently, of the input

quantities for the measurement of resistance and reactance (8.4.1.3)
MCMC basics

Set  V,/V I/mA  &/rad

Example MCMC

1 5007 19663
. 2 4894 19639
The MCMC idea device 1 3 5005 19640
4 4890 19685
M-H algorithm 5 4000 10678 . . .
6 4999 19661 device 2 (high precision)
Details: M-H

Diagnostics » measurand: V, I and Z=V/I

Types of MCMC

s » assume: bivariate N-distribution with means (\{)
; 1 2
- known covariances Uy # Ug

= Bayesian framework:

Summary
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‘ GUM example (s2 [BIPM et al., 2011, Ex. 9.4, Revision [Ex. 5.3]) Modified

Introduction E - —— device 1 with E - — device2
5 measurem.
MCMC basics - g 4
g X
Example MCMC g 4 g
The MCMC idea
M-H algorithm ° T T T T ° T T T T
498 499 5.00 5.01 498 499 5.00 5.01 X
Details: M-H v v v
Diagnostics » measurand: V, I and Z=V/I
Types of MCMC . . . . X . \7
s » assume: bivariate N-distribution with means (i)
: 1 2
- known covariances Uy # Ug
. = Bayesian framework:
ummary

posterior o< likelihood x prior
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BEPIB A simple Example for MCMC

‘ GUM example (s2 [BIPM et al., 2011, Ex. 9.4, Revision [Ex. 5.3]) Modified

Introduction E - —— device 1 with E - — device2
5 measurem.
MCMC basics - g 4
g X
Example MCMC g 4 g
The MCMC idea
M-H algorithm ° T T T T ° T T T T
498 499 5.00 5.01 498 499 5.00 5.01 X
Details: M-H v v v
Diagnostics » measurand: V, I and Z=V/I
Types of MCMC . . . . X . \7
s » assume: bivariate N-distribution with means (i)
: 1 2
- known covariances Uy # Ug
. = Bayesian framework:
ummary

posterior o< likelihood x prior
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BEPIB The MCMC idea

Introduction

Bayesian framework:

MM basies posterior oc likelihood x prior

Example MCMC

The MCMC idea posterior distribution:

M-H algorithm i )

Detaile: M = integration (for normalization, estimate, uncertainty, Cl, ...)
Diagnostics . . .

Topes of MCMC » analytically usually impossible

Issues » numerica”y Often d|ff|Cu|t

MCMC applied (deterministic methods) (high dimension)

Summary » direct sampling (MC) often impossible

(non-stand. /high-dim. pdf)
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The MCMC idea

Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Bayesian framework:

posterior o< likelihood X prior

posterior distribution:

= integration (for normalization, estimate, uncertainty, Cl, ...)

= A Markov Chain Monte Carlo (MCMC) method for the
simulation of a distribution f is any method producing an

ergodic Markov Chain whose stationary distribution is f.
[Robert and Casella, 2004]

MCMC methods
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The MCMC idea

Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Bayesian framework:

posterior o< likelihood X prior

posterior distribution:

= integration (for normalization, estimate, uncertainty, Cl, ...)

= A Markov Chain Monte Carlo (MCMC) method for the
simulation of a distribution f is any method producing an

ergodic Markov Chain whose stationary distribution is f.
[Robert and Casella, 2004]
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BEPIB The MCMC idea

Introduction

Bayesian framework:

MCMC basics

posterior o< likelihood X prior

Example MCMC

The MCMC idea posterior distribution:
M-H algorithm i )
Detaile: M = integration (for normalization, estimate, uncertainty, Cl, ...)

Diagnostics
Types of MCMC
Ioues = A Markov Chain Monte Carlo (MCMC) method for the
MCMC applied simulation of a distribution f is any method producing an

ergodic Markov Chain whose stationary distribution is f.
[Robert and Casella, 2004]

Summary

Markov Chain: dependent samples (not independent)
ergodic & stationary: after some time all samples are from f
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BEPIB The basic MCMC: Metropolis-Hastings

il

Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
MEMIC basice ‘ergodic Markov Chain with stationary distribution f’

Example MCMC

Introduction

The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary
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PTB The basic MCMC: Metropolis-Hastings

Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
‘ergodic Markov Chain with stationary distribution f’

» choose a proposal distribution ¢
choose a starting value Xj
For t=1,2,...
Sample point Y from q(.[X¢)
Take X¢i+1 =Y with probability o(Xy,Y)
Xt+1 = Xt otherwise

AR
o(X¢, Y) = min (1' f(Xt)q(Y|Xt))

MCMC methods
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PTB The basic MCMC: Metropolis-Hastings

Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
‘ergodic Markov Chain with stationary distribution f’

» choose a proposal distribution ¢
choose a starting value Xj
For t=1,2,...
Sample point Y from q(.[X¢)
Take X¢i+1 =Y with probability o(Xy,Y)
Xt+1 = Xt otherwise

AR
o(X¢, Y) = min (1' f(Xt)q(Y|Xt)>

» converges to f: no matter which Xg or q (wide enough)
[Metropolis et al., 1953]
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PTB The basic MCMC: Metropolis-Hastings

Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
‘ergodic Markov Chain with stationary distribution f’

» choose a proposal distribution q=U(x-0,x+0)
choose a starting value Xg,x=(4.95,19.66)
For t=1,2,...

Sample point Y from q(.[X¢)
Take X¢i+1 =Y with probability o(Xy,Y)
Xt+1 = Xt otherwise

AR
o(X¢, Y) = min (1' f(Xt)q(Y|Xt)>

» converges to f: no matter which Xg or q (wide enough)
[Metropolis et al., 1953]
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BEPIB The basic MCMC: Metropolis-Hastings

Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
‘ergodic Markov Chain with stationary distribution f’

» choose a proposal distribution q=U(x-0,x+0)
choose a starting value Xg,x=(4.95,19.66)
For t=1,2,...

y=runif (2,min=x-delta,max=x+delta)
Take X¢i+1 =Y with probability o(Xy,Y)
Xt+1 = Xt otherwise

AR
o(X¢, Y) = min (1' f(Xt)q(Y|Xt))

» converges to f: no matter which Xg or q (wide enough)
[Metropolis et al., 1953]
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Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
‘ergodic Markov Chain with stationary distribution f’

» choose a proposal distribution q=U(x-0,x+0)
choose a starting value Xg,x=(4.95,19.66)
For t=1,2,...

y=runif (2,min=x-delta,max=x+delta)
if (runif(1)>f(y)/f(x)) y=x
Ylt,]l=y, x=y

- f(Y)q(X¢]Y)
o(X¢,Y) = min (1’ W)

» converges to f: no matter which Xg or q (wide enough)
[Metropolis et al., 1953]
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The basic MCMC: Metropolis-Hastings
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Metropolis-Hastings algorithm [Has e00000
Introduction » simple, versatile method to ¢~ ~ 0090
MEME basice ‘ergodic Markov Chain with ¢ 5 °°°°°°
xample MCMC . H . °g Co
Framele MEH » choose a proposal distributior g |,
The MCMC idea . < : : : :
ML algorithm choose a starting value 5 10 15 »
Details: M-H For t = 1, 2, Ce Index
Diagnostics

Types of MCMC

Issues

MCMC applied

Summary

y=runif (2,min=x-delta,max=x+delta)
if (runif(1)>f(y)/f(x)) y=x
Ylt,]l=y, x=y

f<-function(x){
dmvnorm(x,mean=colMeans (datal) ,sigma=U1)*
dmvnorm(x,mean=datal[6,1:n],sigma=U02)

» converges to f: no matter which Xg or q (wide enough)
[Metropolis et al., 1953]
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Details: M-H Index \V
Diagnostics y=runif (2,min=x-delta,max=x+delta)
Types of MEME if (runif(1)>f(y)/f(x)) y=x
Issues
Ylt,]l=y, x=y
MCMC applied
. f<-function(x){
ummary .
dmvnorm(x,mean=colMeans (datal) ,sigma=U1)*
dmvnorm(x,mean=datal[6,1:n],sigma=02)
» converges to f: no matter which Xg or q (wide enough)
[Metropolis et al., 1953]
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Details: M-H Index v
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Types of MEME if (runif (1)>f(y)/f(x)) y=x

Issues

Y[t,]l=y, x=y

MCMC applied
f<-function(x){
dmvnorm(x,mean=colMeans (datal) ,sigma=U1)*
dmvnorm(x,mean=datal[6,1:n],sigma=U02)

Summary

» converges to f: no matter which Xg or q (wide enough)
[Metropolis et al., 1953]
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Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Metropolis-Hastings algorithm (Hastings, 1970

>

005
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990

simple, versatile method to construct an
‘ergodic Markov Chain with stationary distribution f’

dependence between samples = information | or time 1

MCMC sample, 5=0.01
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The Details: Metropolis-Hastings

Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
‘ergodic Markov Chain with stationary distribution f’

dependence between samples = information | or time 1
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Metropolis-Hastings algorithm (Hastings, 1970
Introduction » simple, versatile method to construct an
MICMC basice ‘ergodic Markov Chain with stationary distribution f’

Example MCMC

» proposal distr. q is of practical importance:
dependence between samples = information | or time 1

The MCMC idea
M-H algorithm

Details: M-H

MCMC sample, 5= 001
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Metropolis-Hastings algorithm (Hastings, 1970
» simple, versatile method to construct an
MEMC basice ‘ergodic Markov Chain with stationary distribution f’

Introduction

Example MCMC

» proposal distr. q is of practical importance:

The MCMC idea

TR dependence between samples = information | or time 1
Details: M-H

Diagnostics = calibrate M-H algorithm (with little knowledge about f)
Types of MCMC

fssues Toolkit:

MCMC applied

» diagnostics
Summary

» common classes of proposals g
>

>
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» initial samples discarded (here 10%, burn-in)
» acceptance rate
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» initial samples discarded (here 10%, burn-in)
» acceptance rate: most efficient when close to 0.25
MCMC basics (rule of thumb for random walk M-H) [Roberts et al., 1907]

Introduction

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
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» initial samples discarded (here 10%, burn-in)

fniroduction » acceptance rate: most efficient when close to 0.25
MCMC basics (rule of thumb for random walk M-H) [Roberts et al., 1997)
Example MCMC » effective sample size: correlation reduces information

The MCMC idea

effectiveSize(Y[,1]), or
= subsampling to reduce space (thinning)

M-H algorithm
Details: M-H
Diagnostics

Types of MCMC

Issues
] o o
| 2152 .3=001 3 a 01 ) 106 5=0001
MCMC applied s n ® ®
© © ©
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Summary 5 5 5
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Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

shink factor

102 104 106 108  11C

100

» initial samples discarded (here 10%, burn-in)
» acceptance rate: most efficient when close to 0.25
(rule of thumb for random walk M-H) [Roberts et al., 1997)

» effective sample size: correlation reduces information
= subsampling to reduce space (thinning)

» Gelman-Rubins convergence diagn.: on multiple chains,
comparison of variance within & between chains
gelman.plot (MCMC) (Gelman and Rubin, 1992]

1.000

5=001

— median
.- TS

shrink factor

1.06 ) f{  1.002- %"

shink factor

o 1000 2000 3000

last iteration in chain

4000

T T T T T T T T T
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Introduction » random walk M-H: local exploration

MCMC basics

e.g. Yt = Xt + €¢ with €t ~ N(O, Z)

Example MCMC

The MEMC idea implemented in standard software:
M-H algorithm

T R (mcmc for N-proposal), Matlab (statistics: mhsample)

Diagnostics
Types of MCMC

Issues

MCMC applied

Summary
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Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

» random walk M-H: local exploration

e.g. Yt = Xt + €¢ with €t ~ N(O, Z)

implemented in standard software:
R (mcmc for N-proposal), Matlab (statistics: mhsample)

» Metropolis (symmetric), independence sampler, single
component M-H, Gibbs sampler (free software: BUGS

[Lunn et al., 2009, Thomas et al., 2006]), -

MCMC methods
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Introduction

MCMC basics

Example MCMC
The MCMC idea
M-H algorithm
Details: M-H
Diagnostics
Types of MCMC

Issues

MCMC applied

Summary

» random walk M-H: local exploration

e.g. Yt = Xt + €¢ with €t ~ N(O, Z)
implemented in standard software:
R (mcmc for N-proposal), Matlab (statistics: mhsample)

» Metropolis (symmetric), independence sampler, single
component M-H, Gibbs sampler (free software: BUGS

[Lunn et al., 2009, Thomas et al., 2006]), -

» adaptive schemes: tune proposal during warm-up

MCMC methods
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BUT

» ‘you've only seen where you've been’
[Robert and Casella, 2004, p.464]

Introduction

MCMC basics

Example MCMC 8 4 — gelioelr‘g'iv:h B o device2 device3

150

MCMC samplep =0.01
acceptance rate 0.33
n=2279
G-R1.00

The MCMC idea

100
I
100
I
100

M-H algorithm

X
R

Details: M-H 8 8

50

Diagnostics

- T T T T T 1
Types of MCMC T T T T L e B e
4.985 4.995 5.005 5.015 4.985 4.995 5.005 5.015 4.985 4.995 5.005 5.01
Issues v

MCMC applied

Summary
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150

MCMC samplep =015
acceptance rate 0.4

The MCMC idea

M-H algorith 5 ¥ % 3
-H algorithm g

] X X
Details: M-H 8 1 8 1
Diagnostics

Types of MCMC T T T T T T T T T T
4.985 4.995 5.005 5.015 4.985 4.995 5.005 5.015
Issues

MCMC applied

Summary
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» ‘you've only seen where you've been’
[Robert and Casella, 2004, p.464]
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MCMC basics

Example MCMC 8 4 — ge/ioelr\;/ir:h B o device2 device3

The MCMC idea

5.005

M-H algorithm

density
X

m MCMC sample, 5= 0.015

4,995

Details: M-H B8 1 B8 1

Diagnostics

0
0
4.985

Types of MCMC T T T T T T T T T T
4.985 4.995 5.005 5.015 4.985 4.995 5.005 5.015

Issues
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PTB The Details: Issues

BUT

» ‘you've only seen where you've been’
[Robert and Casella, 2004, p.464]

Introduction

MCMC basics

Example MCMC g — device1with ] 4 device2 device3 8 MCMC sampled =0.015
- 5 measurem. - acceptance rate 0.2
The MCMC idea
g g -
M-H algorithm 7 X
& H XX
Details: M-H 3 3
Diagnostics
o o
e of MCMIC e e
”» 4.985 4.995 5.005 5.015 4.985 4.995 5.005 5.015 4.985 4.995 5.005 5.01
Issues v v v
MCMC applied » convergence assured theoretically — practically it may

» take a long time
» not 've been reached (correctness of result)
> posterior may not exist [Hobert and Casella, 1996]

Summary

= ‘Beware: MCMC sampling can be dangerous!’
[Spiegelhalter et al., 2003]
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Introduction

Immunoassays are bio-analytical tests

MCMC basics

» measure even very small amounts of substance
MCMC applicd » to detect: infection, hormones or drugs

IA Intro = means of diagnosis in health care
IA Bayes
Immunoassays MCMC

Summary

ELISA microtiter plate [Voigt et al., 2008, Fig. 1]
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Introduction

MCMC basics

MCMC applied

IA Intro
IA Bayes

Immunoassays MCMC

Summary

Immunoassays are bio-analytical tests
» measure even very small amounts of substance
» to detect: infection, hormones or drugs

= means of diagnosis in health care

Known Conc.

2 g * Calibration Data
5 o] N
> *
3 i
s o
s 2
2
@
2 i
£ ¥
S N T .
=] T T T T T T T
0.1 05 1 5 10 50

Concentration in ng/mL
ELISA microtiter plate [Voigt et al., 2008, Fig. 1]
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Introduction

MCMC basics

MCMC applied

IA Intro
IA Bayes

Immunoassays MCMC

Summary

Immunoassays are bio-analytical tests
» measure even very small amounts of substance
» to detect: infection, hormones or drugs

= means of diagnosis in health care

Unknown Conc. Known Conc.
JZ =] *  Calibration Data 1 o | * Calibration Data
€ & 1— Ccalibration Curve S ]
=] . . *
> - 95% ClI for Calibration Curve *
IS a
;E
T =)
£ 2
2z
(%2}
2 a
£ H
T T o T T T 1 1
0.1 05 1 5 10 50 0.1 05 1 5 10 50
Concentration in ng/mL Concentration in ng/mL
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MCMC applied

IA Intro
IA Bayes

Immunoassays MCMC

Summary

Unknown Conc. Known Conc.
a o *  Calibration Data 17 o | * Calibration Data
€ & 1— Ccalibration Curve 4 S 7
=] . . *
> ---- 95% Cl for Calibration Curve *
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.-E
T =}
£ 2
2
(%2}
2 a
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T T S T T T 1 1
0.1 05 1 5 10 50 0.1 05 1 5 10 50
Concentration in ng/mL Concentration in ng/mL

non-linear regression
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Introduction

MCMC basics

MCMC applied

IA Intro
IA Bayes

Immunoassays MCMC

Summary

Unknown Conc.

Intensity in arbitrary units

Known Conc.

o *  Calibration Data o | * Calibration Data
& 7|— calibration Curve S .
---- 95% Cl for Calibration Curve M
o
-
=}
H
S T T .
T T S T T T 1 1
0.1 05 1 5 10 50 0.1 05 1 5 10 50
Concentration in ng/mL Concentration in ng/mL

2x Bayes' theorem:
» calibration

non-linear regression

regression

» unknown concentration parameters

MCMC methods
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Unknown Conc. Known Conc.

a o *  Calibration Data o | * Calibration Data
Introduction € & 1— Ccalibration Curve S 7

=] . . *

> - 95% ClI for Calibration Curve *

IS a
MCMC basics 3

T =)

£ 2
MCMC applied 2

2 .

2 H
IA Intro = o

*
S * * *
IA Bayes T T S T T T 1 1
0.1 05 1 5 10 50 0.1 05 1 5 10 50
Immunoassays MCMC
Concentration in ng/mL Concentration in ng/mL

Summary

non-linear regression

2x Bayes' theorem:
» calibration (include prior info)  regression
» unknown concentration parameters

= propagates all information / uncertainty
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S ] — Mean prior curve

Calibration: 3

.

Introduction

# Calibration Data
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MCMC basi £
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g 9
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g i
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01 051 5 10 50 01 051 5 10 50
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Immunoassays MCMC

Summary
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<
—— Mean prior curve S 7] — Calibration Curve
--=- 95% Cl for Calibration Curve

‘ Calibration: 3

Introduction
* Calibration Data

£ 8

B

>
MCMC basi £

b

8 o

s 2

2z
MCMC appl2

g i

g

£ g

8 e
1A Intro ° T T T T T T T
01 051 5 10 50 01 051 5 10 50 01 05 1 5 10 50

IA Bayes Concentration in ng/mL Concentration in ng/mL Concentration in ng/mL

Immunoassays MCMC

» No analytic solution
= MCMC: Gibbs sampling

» as implemented in BUGS [Lunn et al., 2009]
» source code in New04-Guide [Eister et al., 2015]
Details: 10 chains, 800,000 iterations each
(retain every 10th sample of 2nd half)

» convergence: no reason to suspect contrary from acf, G-R
but time-consuming

Summary
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Summary
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PTB Immunoassays — MCMC Results

—— Calibration Curve
---- 95% Cl for Calibration Curve

0.1 05 1

5 10 50

Concentration in ng/mL

~— Conc. estimate
- 95%Cl

Concentration in ng/ml

MCMC methods

BIPM Workshop on Measurement Uncertainty, Paris, 15/06/2015 — p. 13/18




PTB Immunoassays — MCMC Results

Introduction

MCMC basi
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MCMC app!
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Summary
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Immunoassays — Results

Introduction

MCMC basics

MCMC applied

IA Intro
IA Bayes
Immunoassays MCMC

Summary

= Prior information can make parameters identifiable

= Bayes enables IA analysis

= MCMC enables Bayesian approach

Klauenberg, K., Walzel, M., Ebert, B., and Elster, C. (2015). Informative prior distributions for ELISA
analyses. Biostatistics, 16(3):465 — 479

MCMC methods
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MCMC applied

Summary

Literature

Markov Chain Monte Carlo sampling
» useful
» default method (M-H) easy to implement
showed simple code
hard to calibrate for efficiency
gave diagnostics & different proposals

software available (partially automatic calibration)

b v v !

still: knowledge required to assure correctness of results

MCMC methods
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Summary

Literature

Markov Chain Monte Carlo sampling
» useful
» default method (M-H) easy to implement
showed simple code
hard to calibrate for efficiency
gave diagnostics & different proposals

software available (partially automatic calibration)

b v v !

still: knowledge required to assure correctness of results

Simple example & Immunassay analysis
» Bayes is worth doing (but often intractable without MCMC)

» include all information (prior)
» coherent propagation of uncertainty

MCMC methods
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