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•  Interest	
  lies	
  in	
  understanding	
  whether	
  climate	
  change	
  (or	
  human	
  influence	
  more	
  
specifically)	
  is	
  responsible	
  for	
  the	
  occurrence	
  or	
  magnitude	
  of	
  an	
  event	
  or	
  for	
  
changes	
  in	
  the	
  magnitudes	
  or	
  probability	
  of	
  a	
  type	
  of	
  events.	
  

•  Climate	
  scien-sts	
  can	
  run	
  climate	
  model(s)	
  mul-ple	
  -mes	
  with	
  differing	
  ini-al	
  
condi-ons,	
  providing	
  an	
  ensemble	
  of	
  replicates	
  

•  Experimental	
  design	
  is	
  straigh`orward	
  compared	
  to	
  observa-on-­‐based	
  methods	
  for	
  
which	
  temporal	
  dependence	
  and	
  confounding	
  are	
  big	
  issues.	
  

•  But	
  the	
  model	
  is	
  not	
  the	
  real	
  world.	
  	
  

•  Ensemble	
  of	
  nA	
  model	
  runs	
  under	
  ALL	
  forcings	
  (anthropogenic	
  +	
  natural)	
  
•  Can	
  es-mate	
  pA	
  

•  Ensemble	
  of	
  nN	
  model	
  runs	
  under	
  NAT	
  forcings	
  (natural	
  only)	
  
•  Can	
  es-mate	
  pN	
  

•  Es-mate	
  either:	
  
•  risk	
  ra-o	
  	
  	
  

•  frac-on	
  a6ributable	
  risk,	
  FAR	
  	
  (probability	
  of	
  necessary	
  causa-on)	
  
	
  
	
  

RR =
pA
pN

FAR = 1� pN
pA
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•  Importance	
  of	
  consistent	
  results	
  based	
  on	
  physical	
  principles,	
  observa-ons,	
  
numerical	
  models	
  that	
  can	
  reproduce	
  the	
  event,	
  as	
  well	
  as	
  across	
  mul-ple	
  
models	
  and	
  mul-ple	
  studies	
  

•  More	
  confidence	
  in	
  events	
  related	
  to	
  temperature	
  
•  Confidence	
  in	
  a6ribu-on	
  results	
  is	
  highest	
  for	
  hot	
  and	
  cold	
  events	
  and	
  

lowest	
  for	
  severe	
  convec-ve	
  storms	
  and	
  extratropical	
  cyclones	
  
•  Extreme	
  events	
  have	
  mul-ple	
  causes	
  and	
  natural	
  variability	
  is	
  always	
  a	
  

component	
  
•  A6ribu-on	
  results	
  are	
  sensi-ve	
  to	
  how	
  the	
  a6ribu-on	
  ques-on	
  is	
  posed	
  
•  Sta-ng	
  assump-ons	
  and	
  quan-fying	
  uncertainty	
  is	
  important	
  
•  Community	
  standards	
  for	
  a6ribu-on	
  analyses	
  would	
  be	
  useful	
  
•  Selec-on	
  bias	
  is	
  an	
  issue	
  and	
  a6ribu-on	
  studies	
  are	
  not	
  a	
  representa-ve	
  

sample	
  of	
  events	
  
•  Systema-c	
  a6ribu-on	
  is	
  important	
  and	
  would	
  allow	
  evalua-on	
  of	
  a6ribu-on	
  

performance,	
  including	
  uncertainty	
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•  Sta-s-cally-­‐savvy	
  commi6ee	
  members:	
  Gabi	
  Hegerle,	
  Chris	
  Paciorek,	
  Ted	
  Shepherd,	
  
Francis	
  Zwiers	
  

•  Discussions	
  of	
  causa-on,	
  uncertainty,	
  and	
  sta-s-cs	
  were	
  at	
  the	
  forefront	
  of	
  the	
  
commi6ee	
  discussions.	
  

•  Some	
  key	
  issues:	
  
•  Mul-ple	
  causa-on	
  
•  FAR	
  vs.	
  RR	
  and	
  causa-on	
  vs.	
  es-ma-on	
  of	
  changes	
  in	
  probability	
  

•  FAR	
  interpreted	
  in	
  terms	
  of	
  causa-on	
  but	
  communica-on	
  of	
  mul-ple	
  
causes	
  hard	
  and	
  data	
  not	
  usually	
  available	
  to	
  es-mate	
  for	
  THE	
  event	
  

•  Interpreta-on	
  of	
  constrained	
  model	
  runs	
  in	
  terms	
  of	
  condi-onal	
  
probability	
  

•  Vacuousness	
  of	
  null	
  hypothesis	
  significance	
  tes-ng	
  
•  Mul-ple	
  sources	
  of	
  selec-on	
  bias	
  mean	
  that	
  one	
  can’t	
  assess	
  influence	
  of	
  

climate	
  change	
  on	
  extreme	
  events	
  from	
  collec-on	
  of	
  exis-ng	
  studies	
  
•  Structural	
  uncertainty	
  (in	
  par-cular	
  bias)	
  from	
  use	
  of	
  models	
  is	
  hard	
  to	
  quan-fy	
  
•  Exis-ng	
  sta-s-cs	
  in	
  event	
  a6ribu-on	
  ofen	
  mix	
  Bayesian	
  and	
  frequen-st	
  

concepts	
  
•  Uncertainty	
  in	
  event	
  a6ribu-on	
  is	
  largely	
  uncalibrated/unvalidated	
  

PA(Event|Nino)
PN (Event|Nino)

⇥ PA(Nino)

PN (Nino)

=

PA(Event,Nino)

PN (Event,Nino)
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Sehng:	
  Consider	
  a	
  scien-fic	
  literature	
  comprised	
  of	
  event	
  a6ribu-on	
  analyses	
  of	
  extreme	
  events	
  
that	
  occur	
  in	
  a	
  given	
  year.	
  	
  
	
  
Ques-on:	
  Will	
  this	
  be	
  biased	
  in	
  terms	
  of	
  collec-ve	
  understanding	
  of	
  the	
  influence	
  of	
  climate	
  
change	
  on	
  extreme	
  events?	
  
Thought	
  experiment:	
  
•  World	
  with	
  two	
  types	
  of	
  extreme	
  events	
  (say	
  hot	
  and	
  cold	
  events)	
  of	
  equal	
  societal	
  importance.	
  
•  Suppose	
  hot	
  events	
  are	
  becoming	
  much	
  more	
  likely	
  (pA	
  =	
  .01,	
  pN	
  =	
  0)	
  and	
  cold	
  events	
  much	
  less	
  

likely	
  (pA	
  =	
  0,	
  pN	
  =	
  .01).	
  	
  
•  Only	
  hot	
  events	
  actually	
  occur,	
  suppose	
  10	
  occur.	
  
•  Suppose	
  we	
  have	
  unlimited	
  data.	
  
•  10	
  events	
  are	
  analyzed,	
  and	
  all	
  will	
  be	
  judged	
  to	
  be	
  a6ributed	
  to	
  climate	
  change.	
  
•  Headline:	
  climate	
  change	
  causing	
  extreme	
  events	
  to	
  become	
  more	
  likely.	
  
•  We	
  might	
  call	
  this	
  “occurrence	
  bias”.	
  
•  Some	
  similarity	
  to	
  the	
  file	
  drawer	
  problem	
  in	
  meta-­‐analysis	
  

Possible	
  solu-on:	
  
•  Predefine	
  extreme	
  events,	
  including	
  all	
  possible	
  event	
  types	
  based	
  on	
  historical	
  record,	
  and	
  

analyze	
  systema-cally	
  

Gregory	
  (Scotland	
  Yard	
  detec1ve):	
  Is	
  there	
  any	
  other	
  point	
  to	
  which	
  you	
  would	
  wish	
  to	
  draw	
  a<en1on?	
  
Sherlock	
  Holmes:	
  To	
  the	
  curious	
  incident	
  of	
  the	
  dog	
  in	
  the	
  night-­‐1me.	
  
Gregory:	
  The	
  dog	
  did	
  nothing	
  in	
  the	
  night-­‐1me	
  
Holmes:	
  That	
  was	
  the	
  curious	
  incident.	
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•  Sampling	
  uncertainty	
  (limited	
  ensemble	
  sizes	
  for	
  model	
  analyses,	
  limited	
  
observa-onal	
  record	
  for	
  observa-on-­‐based	
  analyses)	
  

•  Uncertainty	
  from	
  internal	
  variability	
  (long-­‐term	
  dependence)	
  
•  Generalizability	
  uncertainty	
  from	
  condi-oned	
  analyses	
  (fixed	
  SSTs)	
  
•  Generalizability	
  uncertainty	
  /	
  selec-on	
  bias	
  from	
  analysis	
  of	
  individual	
  events	
  
•  Structural	
  uncertainty	
  

•  Parametric	
  uncertainty	
  
•  Model	
  structure	
  uncertainty	
  (varia-on	
  across	
  models)	
  
•  Model	
  inadequacy	
  
•  Boundary	
  condi-on	
  uncertainty	
  
•  Forcing	
  uncertainty	
  

•  Counterfactual	
  state	
  uncertainty	
  
•  With	
  fixed	
  SSTs,	
  what	
  is	
  the	
  counterfactual	
  SST	
  state	
  that	
  should	
  be	
  used	
  
•  What	
  would	
  analogous	
  world	
  look	
  like,	
  but	
  condi-oned	
  on	
  measure-­‐zero	
  

state?	
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Goal:	
  quan-fy	
  uncertainty	
  in	
  risk	
  ra-o	
  es-ma-on	
  given	
  
limited	
  ensemble	
  sizes.	
  
	
  
Data:	
  Ini-al	
  condi-on	
  ensembles	
  (induces	
  a	
  distribu-on	
  
over	
  event	
  magnitude/occurrence)	
  
	
  
Es-ma-on:	
  
•  Count	
  events	
  (binomial	
  uncertainty)	
  
•  Extreme	
  value	
  methods	
  
	
  
Popular	
  method:	
  bootstrap	
  from	
  ensemble	
  members	
  
and	
  report	
  bootstrap	
  distribu-on	
  of	
  es-mated	
  FAR	
  or	
  
RR	
  graphically	
  or	
  as	
  95%	
  interval	
  

•  Bayesian	
  interpreta-on	
  
•  Interval	
  corresponds	
  to	
  percen-le	
  bootstrap	
  
	
  

Sto6	
  et	
  al.	
  (2004;	
  Nature)	
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Goal:	
  quan-fy	
  uncertainty	
  in	
  risk	
  ra-o	
  es-ma-on	
  given	
  limited	
  ensemble	
  sizes.	
  
	
  
Data:	
  Ini-al	
  condi-on	
  ensembles	
  (induces	
  a	
  distribu-on	
  over	
  event	
  magnitude/occurrence)	
  
	
  
Poten-al	
  methods	
  for	
  uncertainty	
  in	
  RR=pA/pN	
  based	
  on	
  binomial	
  or	
  EVA:	
  
•  Delta	
  method	
  	
  
•  Bootstrap	
  

•  Standard	
  error	
  of	
  log(RR)	
  
•  Percen-le,	
  basic	
  bootstrap,	
  bootstrap-­‐t,	
  BCA	
  confidence	
  intervals	
  

•  Likelihood	
  ra-o-­‐based	
  interval:	
  invert	
  test	
  for	
  RR=RR0	
  	
  
•  Exact	
  confidence	
  interval	
  under	
  binomial	
  sampling	
  (Wang	
  &	
  Shan	
  (2015);	
  Biometrics)	
  

•  Enumerates	
  probabili-es	
  of	
  more	
  extreme	
  data	
  under	
  a	
  given	
  rank	
  func-on	
  
•  Only	
  under	
  binomial	
  sehng	
  

Considera-ons:	
  
•  Assump-ons	
  for	
  delta	
  method	
  and	
  bootstrap	
  not	
  well-­‐sa-sfied	
  for	
  small	
  sample	
  sizes	
  

and	
  propor-ons	
  near	
  zero	
  (and	
  some	
  bootstrap	
  samples	
  do	
  not	
  provide	
  an	
  es-mate)	
  
•  No	
  es-mate	
  of	
  uncertainty	
  when	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  using	
  delta	
  method	
  or	
  bootstrap	
  
•  Likelihood	
  ra-o	
  method	
  s-ll	
  relies	
  on	
  asympto-cs	
  
•  Wang	
  &	
  Shan	
  (2015)	
  approach	
  intriguing	
  but	
  computa-onally	
  intensive	
  

	
  

cpN = 0
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Propor-on	
  of	
  simula-ons	
  for	
  which	
  uncertainty	
  es-mate	
  could	
  not	
  be	
  calculated	
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Coverage	
  results	
  for	
  one-­‐sided	
  (L,	
  ∞)	
  intervals	
  for	
  RR	
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Average	
  lower	
  endpoint,	
  L,	
  for	
  one-­‐sided	
  (L,	
  ∞)	
  intervals	
  for	
  RR	
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Does oceanic variability affect consistency
of attribution statements?

●
●
●
●
●
●
●

Consistent for RR < 1
Most likely consistent for RR < 1, but inconclusive
Most likely inconsistent, but some evidence that RR < 1
Inconsistent or RR approx. 1
Most likely inconsistent, but some evidence that RR > 1
Most likely consistent for RR > 1, but inconclusive
Consistent for RR > 1
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  Condi-oning	
  on	
  boundary	
  condi-ons	
  (SSTs)	
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Ques-on:	
  How	
  much	
  do	
  event	
  
a6ribu-on	
  statements	
  change	
  for	
  
different	
  years	
  (different	
  SST	
  condi-ons)?	
  

Data:	
  	
  
•  All	
  and	
  natural	
  forcings	
  CAM5	
  model	
  

ensembles	
  for	
  1960s-­‐2013	
  
•  Count	
  events	
  bigger	
  than	
  some	
  threshold	
  

Zt,A ⇠ Bin(nt, pt,A)

Zt,N ⇠ Bin(nt, pt,N )

logit(pt,A) = �0,A + ↵t + �t

logit(pt,N ) = �0,N + ↵t

�t ⇠ N (0,�2
)

RRt ⇡ exp(�0,A � �0,N ) exp(�t)

�2 ⇡ Var(logRRt)
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Does oceanic variability affect consistency
of positive attribution statements?

●
●
●
●

Potentially inconsistent, but inconclusive
Consistent for cutoff = 1
Consistent for cutoff = 2
Consistent for cutoff = 10

Wet	
  events	
  

Hot	
  events	
  



UQ:	
  Mul-plicity	
  in	
  systema-c	
  a6ribu-on	
  

13	
  

Goal:	
  develop	
  procedure	
  for	
  classifying	
  
regions	
  in	
  terms	
  of	
  magnitude	
  and	
  
uncertainty	
  of	
  risk	
  ra-o	
  and	
  use	
  for	
  
ongoing	
  monthly	
  a6ribu-on	
  forecasts	
  
	
  
Simula-ons	
  to	
  compare:	
  
•  Unadjusted	
  es-mates	
  
•  Classical	
  FDR	
  

•  Thought	
  to	
  be	
  conserva-ve	
  under	
  
posi-ve	
  spa-al	
  dependence	
  

•  FDR	
  accoun-ng	
  for	
  dependence	
  
•  Sun	
  et	
  al.	
  (2015;	
  JRSSB)	
  	
  
•  Possible	
  sensi-vity	
  to	
  model	
  

misspecifica-on	
  
•  Uses	
  Bayesian	
  es-mators	
  

•  Unadjusted	
  Bayesian	
  es-mators	
  
•  Rely	
  on	
  shrinkage	
  to	
  deal	
  with	
  

mul-plicity	
  



UQ:	
  structural	
  uncertainty	
  

14	
  

Strategies	
  for	
  structural	
  uncertainty:	
  model,	
  parameter,	
  boundary	
  condi-ons	
  
•  Frequen-st	
  or	
  Bayesian?	
  
•  Sample	
  from	
  distribu-on	
  of	
  plausible	
  parameters/models	
  as	
  prior	
  

distribu-on?	
  	
  
•  Does	
  ad	
  hoc	
  assemblage	
  of	
  models	
  cons-tute	
  anything	
  we	
  can	
  use	
  as	
  a	
  

such	
  a	
  prior?	
  Simple	
  sensi-vity	
  analysis	
  instead?	
  
•  Condi-on	
  on	
  observa-ons	
  to	
  filter	
  models	
  or	
  parameters	
  (what	
  

summary	
  stats	
  to	
  use?)	
  
•  Parametric	
  uncertainty	
  

•  Approaches	
  to	
  designing	
  sta-s-cal	
  emulators	
  with	
  stochas-c	
  outputs	
  
(distribu-on	
  over	
  event	
  magnitudes	
  or	
  counts	
  of	
  events)	
  

•  Are	
  any	
  of	
  the	
  UQ	
  methods	
  from	
  sta-s-cs	
  or	
  physics	
  helpful	
  for	
  model	
  
inadequacy?	
  



Z_{t,A}	
  &	
  \sim	
  \mbox{Bin}(n_t,	
  p_{t,A})	
  \\	
  
Z_{t,N}	
  	
  &	
  \sim	
  	
  \mbox{Bin}(n_t,	
  p_{t,N})	
  \\	
  
\mbox{logit}(p_{t,A})	
  &	
  =	
  	
  \beta_{0,A}	
  +	
  \alpha_t	
  +	
  \delta_t	
  \\	
  
\mbox{logit}(p_{t,N})	
  &	
  =	
  	
  \beta_{0,N}	
  +	
  \alpha_t	
  \\	
  
\delta_t	
  &	
  \sim	
  	
  \mathcal{N}(0,\sigma^2)	
  \\	
  
\mbox{RR}_t	
  	
  &	
  \approx	
  	
  \exp(\beta_{0,A}-­‐\beta_{0,N})	
  \exp(\delta_t)	
  
\\	
  
\sigma^2	
  &	
  \approx	
  	
  \mbox{Var}(\log	
  \mbox{RR}_t)	
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