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e Advantages: Both parties can negotiate to one point; being in OCACT
is more exciting
o Disadvantages: The one point the parties are negotiating to may be
wrong; no one can check; hard to improve anything in isolation; the
scientific community can't contribute
@ OCACT's reported uncertainty estimates: none.
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@ Forecasting under factual conditions
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@ We estimate actual uncertainty: use 1st only (as a lower bound);
compute percentile of error (among all forecast errors, 1-10 years out)
where each score appears; how many are > 95" percentile i.e., with
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@ It's not about the person: “Trying harder,” or replacing one person
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@ When the Technical Panel recommends a change in a parameter:
o If Goss has good evidence: he engages the Panel and convinces them
o If the Panel has good evidence: he ignores the panel
o If the Panel has very strong evidence: he adjusts the parameter part
way, and adjusts another so the forecast is unchanged
e Many quotes; e.g. Goss: “The hard part is trying to balance the need
to change on the basis of new ideas and understanding with the desire
for consistency and stability over time” 16723
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identically worded assertions year after year, without engaging the
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e Instituted formal structural procedures, when judgment is required
e Required transparency and data sharing
@ Massively more intense & complicated politics than ever (details in
our paper)
@ Actuaries hunkered down, insulated themselves, refused to budge
when Democrats & Republicans pushed hard for changes

@ In the process, they also insulated themselves from the facts:
Especially since 2000, Americans started living unexpectedly longer
lives (due to statins, early cancer detection, etc.)

21/23



-
E.g.: Surprisingly Large Mortality Declines Since 2000

22/23



-
E.g.: Surprisingly Large Mortality Declines Since 2000

(Slopes from regression of log(mortality) on time from previous 10 years)

22/23



-
E.g.: Surprisingly Large Mortality Declines Since 2000

(Slopes from regression of log(mortality) on time from previous 10 years)

Male Female

o

o

=y
L

o

o

o
I

|
o
o
=y
L

95

I
o
o
N

!

65

Change in Log—Mortality over 10 Year Window

48

1970 1980 1990 2000 20101970 1980, 1990 2000 2010
Final Year of 10-Year Window

22/23



Conclusions

23/23



Conclusions

@ The Problem

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well

23/23



Conclusions

@ The Problem

o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from

the data as well
o Nontransparency, little data sharing ~» no course corrections

23/23



Conclusions

@ The Problem

o Informal forecasting methods ~~ the potential for bias

o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
Nontransparency, little data sharing ~> no course corrections
Systematically & increasingly biased forecasts since 2000

23/23



Conclusions

@ The Problem

o Informal forecasting methods ~~ the potential for bias

o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
Nontransparency, little data sharing ~> no course corrections
Systematically & increasingly biased forecasts since 2000
Without better procedures, you or | could not do better

23/23



Conclusions

@ The Problem

o Informal forecasting methods ~~ the potential for bias

o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
Nontransparency, little data sharing ~> no course corrections
Systematically & increasingly biased forecasts since 2000
Without better procedures, you or | could not do better
@ The Solution: Professionalize

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
o Nontransparency, little data sharing ~» no course corrections
e Systematically & increasingly biased forecasts since 2000
o Without better procedures, you or | could not do better
@ The Solution: Professionalize
e Remove human judgment where possible, via formal statistical methods

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
o Nontransparency, little data sharing ~» no course corrections
e Systematically & increasingly biased forecasts since 2000
o Without better procedures, you or | could not do better

@ The Solution: Professionalize
e Remove human judgment where possible, via formal statistical methods

— via the data science revolution

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
o Nontransparency, little data sharing ~» no course corrections
e Systematically & increasingly biased forecasts since 2000
o Without better procedures, you or | could not do better

@ The Solution: Professionalize
e Remove human judgment where possible, via formal statistical methods

— via the data science revolution
e Institute formal structural procedures when human judgment is

required

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
o Nontransparency, little data sharing ~» no course corrections
e Systematically & increasingly biased forecasts since 2000
o Without better procedures, you or | could not do better
@ The Solution: Professionalize
e Remove human judgment where possible, via formal statistical methods
— via the data science revolution
e Institute formal structural procedures when human judgment is
required — via the social psychological revolution

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
o Nontransparency, little data sharing ~» no course corrections
e Systematically & increasingly biased forecasts since 2000
o Without better procedures, you or | could not do better
@ The Solution: Professionalize
e Remove human judgment where possible, via formal statistical methods
— via the data science revolution
e Institute formal structural procedures when human judgment is
required — via the social psychological revolution
e Require transparency and data sharing to catch errors that slip through

23/23



Conclusions

@ The Problem
o Informal forecasting methods ~~ the potential for bias
o Civil servants working hard to resist intense pressure ~~ insulation from
the data as well
o Nontransparency, little data sharing ~» no course corrections
e Systematically & increasingly biased forecasts since 2000
o Without better procedures, you or | could not do better
@ The Solution: Professionalize
e Remove human judgment where possible, via formal statistical methods
— via the data science revolution
e Institute formal structural procedures when human judgment is
required — via the social psychological revolution
e Require transparency and data sharing to catch errors that slip through
— via the scientific revolution

23/23



Conclusions

@ The
(]
]

Problem
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Civil servants working hard to resist intense pressure ~~ insulation from
the data as well

Nontransparency, little data sharing ~> no course corrections
Systematically & increasingly biased forecasts since 2000

Without better procedures, you or | could not do better

Solution: Professionalize

Remove human judgment where possible, via formal statistical methods
— via the data science revolution

Institute formal structural procedures when human judgment is
required — via the social psychological revolution

Require transparency and data sharing to catch errors that slip through
— via the scientific revolution

For more information:

GaryKing.org
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