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Classical Model (1991)

In addition to vbls of Interest, Exprts give
guantiles on seed vbls FROM THEIR FIELD
[~10] whose values are known post hoc

Experts scored wrt calibration (statistical
accuracy) and informativeness

Performance based weights (PW) (asymptotic
strictly proper scoring rule) compared with
Equal Weights (EW)

Data sets from ~ 100 studies available



Combined score (calibration * information)

Performance & Equal Weights
pre 2008 post 2008

{ In-sample validation J

PW




In sample validation NOT foregone conclusion:
Jouni and Clemen 1996

ltem 13 with 200 gridpoints and 30% overshoot ltem 19 with 200 gridpoints and 30% overshoot
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Combined DM’s: Experts:
global  equal 1tem | best Clemen
Calibration | 0.36 0.15 0.9 0.13 0.0001
Information | 124 0894 1.116 | 1.276 2.034
Combination | 0.4443  0.1341  1.005 | 0.1659 2.534 x 107

TABLE 4: Expert Calibration results for the EUNRCDIS case.



Out of sample validation?



DO NOT use
Remove-One-at-a-Time (ROAT)

* Expertl1lP,.=0.8 Expert2P,.4=0.2
* Weights w,/w, = likelihood ratio Ex1 / Ex2
N Heads & N Tails,

R=0.8Nx0.2N/0.2Nx 0.8V =1.

Remove one H, LR =0.2/0.8 =% = w,/w,
POM 4 =(1/5) x 0.8 + (4/5) x 0.2 = 0.32.

Use this to predict removed item? BIAS =
(0.32/0.5)N



-time seed variable exclusion.
Atmospheric Dispersion EU-USNRC study
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Out-of-sample Cross Validtion

N seed vbls
K < N training set; N-K test set
WHICH K?

K small, low power to resolve experts

K large, low power to resolve DM

K =N-1, ROAT bias

K =N/2...all k-tuples Law of Large Numbers??




Eggstaff et al

e For K=1....#seeds = N;
— Initialize on EACH training sets size K
— Score PW and EW on each test set
— For given K average PW and EW scores

* Aggregate over all K by

— Arithmean of PW-EW [affected by statistical
power loss as K /|

— Geomean of PW/EW [better, dimensionless]



%(PW > EW) — 73% (Eggstaff et al)

Average PW - EW
100 Geometric mean PW / EW combined score W
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for realizations in [0.05, 0.50, 0.95]
interquantile intervals

* DM P is perfectly calibrated (5%, 45% 45%, 5%)
* DM P* has prob.(10%, 40%, 40%, 10%)
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P-values with 5,10,20,50 samples
for p=(5,45,45,5); p* = (10,40,40,10); p*=(20,30,30,20)
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Choose 15t 10 realizations of P and P*;
Compute mass functions of P vals for
all (252) choices of 5 from the 10

Choose 2" 10 realizations of P and P*;
Compute mass functions of P vals for all
choices of 5 from the 10

Choose 3™ 10 realizations of P and P*;
Compute mass functions of P vals for all
choices of 5 from the 10
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P versus P*
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P versus P**

40 times all 5-choose 10 combinations
E(Pval) = 0.53, E(Pval**)=0.26), % P > P* = 83%
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Combined scores study-wise

PW - EW Combined score by training set size

B Arkansas

H Arsenic

B ATCEP

H Biol_Agent
E CDC_ROI

B CoveringKids
mCWD

H Daniela

M Fistula

06 W eBPP

W Eff_Erup

W Erie_Carp

M FCEP

M Florida

‘ m Gerstenberger

0.8

0.4

mGL_NIS
| I | | .| ol M IceSheets
0.2 Illinois

 Liander
| = Nebraska

0 I Obesity
|| 1 ‘ | H PHAC_T4

San_Diego
Sheep
SPEED

0.2 — TDC
Tobacco
Topaz
Washington

#train=1 #train=2 #train=3 #train=4 #train=5 #train=6 #train=7 #train=8 #train=9



0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

Over all 29 post 2008 studies

Proportion(PW>EW) and PW-EW by training set size

1 2 3 4 5 6 7 8 9

H Prop(PW > EW)
B Ave PW - EW



0.4

0.3

0.2

0.1

PW - EW cal score by training set size

#train=1

#train=2

#train=3

#train=4

#train=5

#train=6

#train=7

#train=8

#train=9

B Arkansas

M Arsenic

B ATCEP

M Biol_Agent
H CDC_ROI

B CoveringKids
m CWD

M Daniela

M Fistula

H eBPP

m Eff_Erup

M Erie_Carp

M FCEP

M Florida

m Gerstenberger
H GL_NIS

M [ceSheets
M lllinois

i Liander

™ Nebraska



0.7

0.6

0.5

0.4

0.3

0.2

0.1

Ave Cal scores by training set size

m PW Cal ave
B EW Cal ave



In cross validation, a subset and its
compliment are anti-correlated

P val correlations of
antinimous subsets

3outl0 -0.15309
4outl0 -0.27628
Soutl0 -0.44319
6outl0 -0.430/3
/outl0 -0.33433
doutl0 -0.21269
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Average Inf scores by training set size
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What does cross validation buy?
With 5 out of 10, need ~ 10 study replicates to
distinguish P from P*
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EPA - UMD:

Nitrogen run-off Chesapeake Bay (Palmer, Koch, Febria)
10 experts, 11 seed vbls, 93% pw > Ew
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San Diego RWIJF
10 experts, 7 seeds
17%PW>EW

PW-EW
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Tentative conclusion

e Default 10 seed vbls is OK to distinguish good
and really bad experts, need more for OSV.

* Large training set is more important than large
test set

THANKS for attending



P-value

Information

0.8

mPWDM Arithmetic Mean
mEWDM Arithmetic Mean

BPWDM Arithmetic Mean
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Stdev of P values

all combo!Stdev

2-out-10 0.10
3-out 10 0.11
4-out-10 0.11
5-out-10 0.11
6-out-10 0.11
7-out-10 0.18
8-out-10 0.14

5-out-10, p
nr Studies |Stdev
3 0.05438
5 0.04198
10 0.04139
15 0.03062
20 0.02597
30 0.01343
50 0.0035
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Figure 2: Cross validation results in which the global weight performance based DM is initialized on all subsetsof 1 or 2
calibration variables and used to predict all 15 calibration variables. The solid star is the equal weight DM, and the curve
consists of combinations of calibration and informativeness resulting in the same combined score as the equal weight DML
The hollow star is the performance DM for all calibration variables.
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Figure 6 Ice sheet, 11 seed variables: geomean PW/EW one seed = 1.48, two seeds = 0.59. PW > EW on 9 of 11

one seed nitializations, and on 34 of 55 two seed nitializations, overall on 43/66 = 65% of these mitializations.



Obesity
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Figure 7: Obesity, 10 seed variables: geomean PW/EW one seed = 3.46, two seeds = 6.19.PW > EW on 9 of 10 one
seed initializations, and on 39 of 45 two seed initializations, overall on 48/55 = 87% of these initializations.



Fistula
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Figure 9: Fistula, 10 seed variables; geomean PW/EW for one seed = 34.8, for two seeds 0.34. PW>EW on 2 of 10
one seed initializations, and on 19 of 45 two seed initializations, overall on 21/ 55 = 38% of these initializations.




DM P is perfectly calibrated

DM P** has prob.(30%, 20%, 20%, 30%) for realizations in [0.05, 0.50, 0.95] interquantile intervals
each study has 5 indep seed vbls.

How many independent studies do we need to distinguish P and P** with 90% confidence?
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DM P is perfectly calibrated

DM P* has prob.(15%, 30%, 30%, 15%) for realizations in [0.05, 0.50, 0.95] interquantile intervals
DM P** has prob.(30%, 20%, 20%, 30%) for realizations in [0.05, 0.50, 0.95] interquantile intervals
each study has 10 indep seed vbls.

How many independent studies do we need to distinguish P, P* and P** with 90% confidence?
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All training sets
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DO NOT standard scorings rules:

Table 1: Two experts assessing next day probability of rain on 1000 days

Probability of Rain next day: 5% 15% 25% 35% 45% 55% 65% 75% 85% 95% |[Totals

assessed 100 100 100 100 100 100 100 100 100 100 | 1000
realized ) 15 25 35 45 29 69 75 89 95 | 500
assessed 100 100 100 100 100 100 100 100 100 100 | 1000
realized 0 0 0 0 0 100 100 100 100 100 | 500

expert 1

expert 2

Quadratic score expert 1 = 0.665; Quadratic score expert 2 =0.835




Eggstaff et al 2013

PW / EW study-wise

1000

PW/EW

100

10

1 11 21 31 L ‘41 51 61
Study Number

Smallest to largest # seeds

0.1

For each K, average PW and EW, take Geomean PW/EW over
all K=1 to # seeds.



each study has 5 indep seed vbls.
How many independent studies do we need to distinguish P and P* with 90% confidence?
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