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In today's remarks | will:

1. Provide some motivation and background.

2. State the problem | am addressing in general
terms.

3. Consider why people persist in making
deterministic forecasts when it is very clear that
such forecasts are often close to meaningless.

4. Suggest some alternative strategies.

5. Conclude with a few thoughts on where we
should go from here.



There are some future
events...

...that can be precisely g
predicted. For example, thanks
to Newtonian mechanics we
can confidently say that there
will be a total eclipse of the sun
on September 4, 2100.

Indeed, we can even say that to
within a fraction of a second,
the moment of maximum
eclipse will occur at 16:57:52
GMT.

Source: wikipedia; geogdata.csun.edu.



But given the plot below...

...nobody in their right mind could plausibly argue that
we can predict U.S. oil or gas prices to £50% in 10, let
alone 50, years.
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Of course, when you look back...

...they don't do very well.

Here is a summary of forecasts
of U.S. primary energy
consumption for the year 2000
compiled by Smil (2003) as a
function of the date on which
they were made.
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And here are forecasts of U.S.
primary energy consumption for the
year 2000 compiled by Greenberger
In the early 1980s compared with
three scenarios developed by the
Ford Foundation Energy Project.

Figures from Morgan and Keith, 2008
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EIA - AEO
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EIA - AEO...(Cont.

Natural gas:
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EIA - AEO...(Cont.)

U.S. energy-related carbon dioxide emissions in recent AEO reference cases
percent change from 2005
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Predictions of when China would
passthe U.S. [T—m v~
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Incidentally...

.as a consequence, today China and the United
States are the two largest emltters of CO2 by avery

large margin.
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In today's remarks | will:

Provide some motivation and background.

. State the problem | am addressing in general

terms.

Consider why people persist in making
deterministic forecasts when it is very clear that
such forecasts are often close to meaningless.

Suggest some alternative strategies.
Conclude with a few thoughts on where we
should go from here.
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The basic problem:
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For example:

2012 U.S. retall

electricity sales
(through September)

Average cost
per kWh
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Back to the basic problem:

A, (t=future)
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But the future IS uncertain:
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We all know about such
"cones of uncertainty"

Source: NOAA.

16



What creates uncertainty
about future values?

. il
« Random physical ’;'\ -;,f E‘f 1.\
processes. y

» Choices by key
decision makers.

* Emergent
consequences of many
iIndividual "agents."

* New technology

Figure sources:jimmyakin.com; www.kutl.kyushu-u.ac.jp; www.moonmentum.com; hardygreen.com; i.telegraph.co.uk; 3.bp.blogspot.com;
memory.loc.gov ; vneagoie.wordpress.com; wikipedia. 17



As Baruch Fischhoff can explain...

...while they do not do it perfectly, lay people are capable
of acknowledging and dealing with uncertainty.

Precipitation forecasts:

A

Sources: forecast.weather.gov; www.hpc.ncep.noaa.gov;

Point spreads in sport

NFL Point Spreads For Week 16 - Week Sixteen NFL Football

Point Spread - NFL Spreads 12/22 - 12/23, 2012

Date & Time
12/22 8:30 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 1:00 ET
12/23 4:25 ET
12/23 1:00 ET
12/23 4:05 ET
12/23 4:25 ET
12/23 8:30 ET
12/23 1:00 ET

Favorite
Atlanta

At Green Bay
At Carolina
At Miami

At Pittsburgh
New England
Indianapolis
At Dallas
Washington
At Tampa Bay
NY Giants

At Houston
At Denver
Chicago

San Francisco

At NY Jets

Spread
-3.5
-12.5
-8

-4.5
-3.5
-14.5

-6.5

-2.5

-7.5

-13

-5.5

-2.5

Underdog

At Detroit
Tennessee
Oakland
Buffalo
Cincinnati

At Jacksonville
At Kansas City
New Orleans
At Philadelphia
St. Louis

At Baltimore
Minnesota
Cleveland

At Arizona

At Seattle

San Diego

centrebet-nrl-grandfinal.com.au; www.footballlocks.com.
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So, why is it that...

...Government Ministers: Government Ministries;
economists; and a wide variety of modelers

(economics, energy, climate, etc.) persist in making
single value forecasts with little or no discussion of
uncertainty. In short:

Why this... Rather than this?

value of
value of .
attribute 1 attribute 1

v
attribute 2 attribute 2

/ time / time

19




In today's remarks | will:

1. Provide some motivation and background.

2. State the problem | am addressing in general
terms.

. Consider why people persist in making
deterministic forecasts when it is very clear that
such forecasts are often close to meaningless.

4. Suggest some alternative strategies.
5. Conclude with a few thoughts on where we
should go from here.

20



Some hypotheses

Folks persist in making deterministic projections because:
* They are lazy - they find it too hard to do anything else;
* They can get away with it because most people who get

their forecasts have no appreciation of how bad past
performance has been;

* They believe (erroneously) that those who use the
forecasts are not capable of understanding or dealing
with uncertainty;

» Deterministic forecasts are more persuasive in
arguments than forecasts that come with any
acknowledgment of uncertainty;

* They believe that if they include uncertainty, people will
perceive them to be less expert;

* They have no idea what else they could do.
21



Mapping reasons

to players

Folks persist in making deterministic
projections because:

They are lazy - they find it too hard to do
anything else;

They can get away with it because most
people who get their forecasts have no
appreciation of how bad past performance
has been;

They believe (erroneously) that those who
use the forecasts are not capable of
understanding or dealing with uncertainty;
Deterministic forecasts are more
persuasive in arguments than forecasts
that come with any acknowledgment of
uncertainty;

They believe that if they include
uncertainty, people will perceive them to be
less expert;

They have no idea what else they could do.
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In today's remarks | will:

1. Provide some motivation and background.

2. State the problem | am addressing in general
terms.

3. Consider why people persist in making
deterministic forecasts when it is very clear that
such forecasts are often close to meaningless.

. Suggest some alternative strategies.

. Conclude with a few thoughts on where we
should go from here.
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The fact that past projections...

...have done so poorly suggests strongly that in many
cases we should adopt some different strategies.

I'll talk about four:
1. Model switching
2. Bounding analysis
3. Bayesian methods
4

. Working the problem backwards



Models of...

...different parts of the climate problem are believable for
different periods of time into the future.

For example, | would not trust a general equilibrium model of
the world's economy to be very reliable for more than
perhaps a decade or two. In my view, running it out a
century or more is not informative and could be misleading.

he Bayesian philosopher's solution:

Build separate models of all the possible futures, then
combine them all by weighting each according to its
likelihood of being the correct model.

Implication: the less you know, the more complicated your
analysis should become!

25



Risk Analysiv, Vol 19| No, 1, 19909

Mixed Levels of Uncertainty in Complex Policy Models

Elizabeth A. Casman,' M. Granger Morgan,' Hadi Dowlatabadi’

The characterization and treatment of uncertainty poses special challenges when modeling
indeterminate or complex coupled systems such as those involved in the interactions between
human activity, climate and the ecosysiem. Uncertainty aboui model structure may become
as, or more important than, uncertainty about parameter values, When uncertainty grows
%0 large that prediction or optimization no longer makes sense, it may still be possible 1o
use the model as a “behavioral test bed” (o examine the relative robustness of alternative
observational and behavioral strategies, When models must be run into portions of their
phase space that are not well understood, different submodels may become unreliable at
different rates. A common example involves running a time stepped model far into the
future. Several strategies can be used to deal with such situations. The probability of model
failure can be reported as a function of time, Possible alternative “surprises” can be assigned
probabilities, modeled separately, and combined. Finally, through the use of subjective
judgments, one may be able to combine, and over time shift between models, moving from
more detailed 1o progressively simpler order-of-magnitude models, and perhaps ultimately,
on to simple bounding analysis.

KEY WORDS: Uncertainty; model uncertainty; epistemic uncertainty: inlegrated assessment.

L INTRODUCTION

The past two decades have witnessed substantial
progress in the way in which routine guantitative
policy analysis deals with uncertainty. From a norm
of single-value-best-estimate analysis, with sporadic
discussion of sensitivity, the field has now progressed
to the point where the use of probability distributions
to describe uncertain coefficients and the use of meth-
ods such as stochastic simulation to propagate that
uncertainty through policy models have become the
norm in engineering safety analysis and common in
health and environmental risk assessment. Of course,
there are still holdouts, particularly among the bio-
medical community," ¥ but continuing progress is ap-
parent.

! Depariment of Engincering & Public Policy. Carnegic Mellon
University, Pittsburgh, Pennsylvania 15213,

Uncertainty about coefficient values can arise
both because the world is full of variability and ran-
dom processes, and because our understanding of
how it works is incomplete.” Sometimes it is impor-
tant to distinguish between these two sources of un-
certainty. However, recent emphasis on the distine-
tion,™ particularly by EPA™ has sometimes resulted
in the distinction being overdrawn.

While an adequate treatment of parameter un-
certainty is important, in many domains of risk and
other forms of policy analysis, uncertainty about coef-
ficient values is swamped by uncertainty about the
appropriate functional form of the models that
should be used. Model uncertainty is frequently im-

Y Theae two sources of uncertainty are sometimes referred to as
“aleatory” and “epistemic.”™ Whils we have no disagreement
with this classification, we avoid the use of the lerms smply
because we and many others have difficulty remembering what
they mean, and which is which!

(272033290035 16 00V E & 1999 Sacery b Rivk Asalysis

Elizabeth A. Casman, M. Granger Morgan and Hadi Dowlatabadi,
"Mixed Levels of Uncertainty in Complex Policy Models," Risk

Analysis, 19(1), 33-42, 1999.

26
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Problems with conventional

scenarios

In my view, scenario-based
analysis often leads to
systematic overconfidence and
an underestimate of the range of
possible future outcomes.

Because of the cognitive
heuristic of “availability” the
more detail that is added to the
story line, the more probable it
appears, and the greater the
difficulty people will have In
Imagining other, equally or more
likely ways In which the same
outcome could be reached.

Climatic Changs
DT 1010071 05B4-008-9458- 1

Improving the way we think about projecting future
energy use and emissions of carbon dioxide

M. Granger Morgan . David W. Keith

Repsived 20 March 2007/ Accepled: 4 April 2008
& Springer Science + Business Media BV, 2008

Absiract A variety of decision makers need projections of future energy demand.
Oy emnissions and similar factors that extend many decades into the future. The
past performance of such projections has been systematically owverconfident. Analysts
hawe often used scenarios based on detailed story lines that spell out *plausible
alternative futures™ as a central tool for evaluating uncertainty. Mo probabilities ane
typically assigned to such scenarios. We argue that this practice is often ineffective.
Rather than expanding people’s judgment about the range of uncertainty about the
future, scenario-based analysis is mome likely to lead to systematic overconfidence,
to an underestimate of the range of possible future outcomes. We review relevant
findings from the literature on human judgment under uncertainty and discuss their
relevance to the task of making probabilistic projections. The more detail that one
adds to the story line of a scenario, the more probable it will appear to most people.
and the greater the difficulty they likely will have in imagining other, equally or mone
likely. ways in which the same outcome could be reached. We suggest that scenario
besed approaches make analysts particularly prone to such cognitive biases, and then
outline a strategy by which improved projections. tailored to the needs of specific
decision makers, might be developed.

Far those of us who work on climate and energy policy it would be extremely useful
to be able to predict a few simple things such as the future demand for energy and
the future mix of energy technologies over the coming decades—if not &= sharp
point estimates, then at least as well-calibrated subjective probability distributicns.
However, the track-record of past efforts to make such predictions is anything but

M. Granger Morgan (=) - I W, Keith

Drepariment of Enginesring and Public Policy, Carnegie Mellon University,
5000 Forbes Ave, Pittsburgh, PA, 15213, TISA

e-mail: granger.morgan@andrew.cmu.edo

D W. Eeith
Drepartment of Chemical and Petroleum Engineering and Department of Economics,
University of Calgary, Calgary, Canada
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Indeed, In preparing this talk...

...I found the following very troubling (and almost
certainly true) assertion from one of the strong
proponents of using scenarios:

Practitioners can...use scenarios to enhance a
person's or group's expectancies that an event
will occur. This can be useful for gaining
acceptance of a forecast...Second, scenarios
can be used as a means of decreasing existing
expectancies. .. Third...scenarios can produce
greater commitment in the clients to taking
actions described in them.

Source: W. Larry Gregory, "Scenarios and Acceptance of Forecasts," 519-540, in
Principles of Forecasting: A handbook for researchers and practitioners, J. Scott
Armstrong (ed.), 849pp., Kluwer Academic, 2001. 29



Probabllity and scenarios

As some of you may know, Steve Schneider, as well as
others, argued that without probabilities, scenarios are of
little value to climate scientists and impact assessors who
are trying to understand how the climate is likely to evolve
over the coming centuries.

While acknowledging the logic of avoiding fruitless
debate, I strongly argued...that policy analysts
needed probability estimates to assess the
seriousness of the implied impacts; otherwise they
would be left to work out the implicit probability
assignments for themselves... I urged the expert
group to provide a subjective probability assessment
for less expert users, but | was not persuasive
enough, and the SRES authors expressed "no
preference" for each scenario.

Source: Stephen H. Schneider, "What Is '‘Dangerous’ Climate Change?," Nature,
411, 17-19, May 3, 2001.
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Of course...

...if we think of a scenario as describing a series of points
over time through a multi-dimensional space of future
possible socioeconomic conditions, scenarios cannot be
assigned probabillities since, in any probability distribution
over a continuous variable, the probability that attaches to
any specific point value or line through that space is zero.

BUT...one can attach probabilities to intervals in such a
space.

p=025  For more elaboration of
0 these and related ideas see:
p=0.
M. Granger Morgan and David Keith,
p=0.25 "Improving the Way We Think About
Projecting Future Energy Use and

Emissions of Carbon Dioxide," Climatic
Change, 90(3),189-215, October 2008.

time 31



One alternative Is bounding

analysis

Given some gquantity Q, whose value you want to project
In the future, rather than developing a few very detailed

"story lines" instead work to build a list of:

All the developments
that might lead to its
having a high value

Q

time

All the developments
that might lead to its
having a low value

-

time

Then, subject the resulting lists and analysis to repeated

critical review and revision.

Again for details see: M. Granger Morgan and David Keith, "Improving the Way We Think About
Projecting Future Energy Use and Emissions of Carbon Dioxide," Climatic Change, 90(3), 189-

215, October 2008.
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Without going through
any details...

...here is the result of a bounding analysis of future U.S.
electricity demand produced by my former PhD student
Vanessa Schweizer.

Industrial process heating

Max = 16x10!2 kWh/vear . Desalination
1o ARRRARASS
e Hleat pumps
o Airnditioning
14

10

[z
Efﬁciev:y

2 Min = 2.7x10%? kWh/year| °

US electricity demand, 10*2 kWh/year
[#s]

1970 1980 1990 2000 2010 2020 2030 2040 2050
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Bayesian
approaches

The best example |
have seen is by
Adrian Raftery et al.

Source: Raftery et al., PNAS, 2012.

PN A

Bayesian probabilistic population projections

for all countries

Adrian E. Raftery*’, Nan Li%, Hana Sewvtikovd’, Patrick Gerland®, and Gerhard K. Heilig®

“Departments of Statistics and

of Washington, Seattle, WA 98195-4323; "Populstion Division, Department of Exonamic

Sadclogy, University
and Sodal Affsirs, 3, United Nations Plara DC2-1984, Urited Nations, New York, NY 10017; and ‘Center for Statistics and the Sodal Sciences,

University of Washington, Seattle, WA 981954320

This contribution iis part of the special series of Inaugural Artides by members of the National Acvdemy of Sdences elected iin 2009,

Contributed by Adrian Raftery, July 5 2012 Gent for review lanunry 28, 20132)

Projections of countries’ future populations, broken down by
age and sex, are widely used for planning and research. They are
mosty done de‘nminlslcaly. bt ‘nlere is a widespread need for
probabilistic projecti i thod for prob-
abilistic population p’dedms for all mullhie_i The total fertility
rate and female and male life expectancies at birth are projected
probabilistically using Bayesian hierarchical models estimated via
Markov chain Monte Cardo using United Mations population data
for all countries. These are then converted to age-specific rates and
combined with a cohort component projection model. This yields
|probabilist c projecti ons of any population quantity of interest. The
method is illustrated for five ries of different d hi
stages, continemts and sizes. The method is validated by an out of
sample experiment in which data from 1950-199%0 are wsed for
e_ﬂmﬂnﬁ. and applied topredict 1990-2010. The method appears

and well calib d for this period. The results
suggest that the cument United Nations high and low variants
greatly underestimate uncertainty about the number of ol dest old
from about 2050 and that they underestimate uncertainty for high
fertility countries and overstate uncertainty for countries that have
completed the demographic wansiion and whose fertility has
started o remver towands replacement level, mostly in Europe.
The results also indicate that the potential support ratio (persons
aged 20-64 per person aged 65+) will almost certainly dedline dra-
matically im most countries over the coming decades.

double logistic function | Lee-Carter method | ife expectancy at birth |
predictive distribution | United Natioms World Population Prospects

P’rq'eetims af countries’ future populations, broken down by
age and sex, are used by governments for social, economic,
and infrastructure planning by international organgations for
development planming and monitoring and global modeling,
by the private sector for stmtegic and marketing decisions, and
by ic and other n hers as inputs to social and health
rescarch.

Most population projections ame currently done determimisti-
cally, using the cohort component method (1, 2). This is an age-
and sex-structured version of the basic demographic identity that
the population of & country at the next time paint is equal to the
population at the current time point, plus the number of hirths,
minus the number of deaths, plus the number of immigrants
minus the number of ants It was formulated in matrix form
by Leslic (3) and & described in detail in ref, (4, chap, 6).

Population projections are currently produced by many orga-
nizations, including national and local governments and private
companics. The main organizations that have produced popula-
tion projections for all or most of the world's countries are the
United Nations (UN) (5), the World Bank (6), and the United
States Census Bureau (7), all of which use the standard dete mmi-
nistic approach. Among these, the UN produces updated ps i
tions for all the world's countries every 2 y, published as the Word
Population Prospects, and these are the de facto standard (£). We

wwanna Lorgiogid ol 10,10 Tapnas 1211452 109

refer to the 3010 Revision of the World Fopulation Progpecss (5) as
WPP 20110,

Standard population projection methods are deterministic,
meaning that they yield a single projected value for each quantity
of interest. However, probabilistic projectionsthat gve a probabil-
ity distribution of cach quantity of interest, and hence comvey
uneertainty about the projections, are widely desired. They are
needed for planning purposes. For example, those planning school
construction may wish to be reasonably sure of building enough
capacity to accommodate all students in the future. For this the
relevant projection is an upper quantike of the predictive distribu-
tion of the future school population, that is relatvely unlikely to
e exceeded, rather than a “best guess” Probabilistic projections
are also useful for assessing change and deviations of population
outoomes from expectations and also for providing a general as-
sessment of uncertainty about future population.

The most common approach to communicating uncertainty in
population projections is the scenaro, or high-medium-low,
appmach. In this approach, a central or mam projection is fist
produced. Then high and low values of the main inputs to the
projection model, sich as fertility or mortality, are postulated, and
a projection is produced with the high values and another one
with the low values These high and low trajectories are viewed as
bracketing the likely future vales. This approach has been cniti-
cized as having no probabilistic basis and leading to inconssten-
cies (9, 10).

Previows approaches to producing prd:labl.]lal.c population
projections inchide ex-post analyss, time series methods, and
expert-based approaches (10, 11). Ex-post analysis is based on
the ermors in past forecasts (12-16). The time-serics analyss ap-
proach uses past time serics of forecast inputs, such as fertility
and mortality, to estimate a statistical time serics model, which
is then used to simulate a large number of random possible future
trajectories. Simulated trajectories of forecast inputs are com-
bined via a cohort component projection model to produce
predictive distributions of forecast outputs (9, 17). In the expert-
based methad (15-21), experts are asked to provide dstributions
for each forecast input. These are then uwsed to construet predic-
tive distributions of forecast outputs using a stochastic method
similar to the time series method.

‘Our method is most closely related to the time series approach.
‘We simulate a large mumber of trajectories of future values of
the total fertilityrate (TFR) and comvert them to age-specific fer-
tility rates wsing model fertility schedules. We smulate an equal
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For example...

...rather than
generating a
deterministic
forecast for any
given county,
they generate
probabilistic

forecasts such as

these for China;

Source: Raftery et al., PNAS, 2012.
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Fig. 53. Bayesian probabilstic population projections for China, 2010-2100: major population indicators. Left, Top to Bottom: total fertility rate; total
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Working the problem backwards

We all have a strong desire to work in the direction of the
causal influences. For example, in the case of climate
change:

However, there is often so much uncertainty in the
earlier steps that if we are honest, we get PDFs on the
latter stages that are so broad as to be almost useless.

Sometimes a better strategy is to ask, what possible
outcomes might we most care about, and then work
backwards, to ask, what sorts of things would have to
happen to lead to those outcomes (some of the tolerable

windows work did this).
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Backwards...(Cont.)

Many people find it very hard to approach things in this way.

For example, several of us tried to
get the regional and sectoral CLMATE CHANGE INPACTS
groups to adopt such a strategy in

the 2000 U.S. National Assessment
but found that folks without
significant analytical experience
were not comfortable doing this.
Nevertheless, | believe that the
approach deserves serious
consideration.

For details on the National Assessment experience see:

M. Granger Morgan, Robin Cantor, William C. Clark, Ann Fisher, Henry D. Jacoby, Anthony
C. Janetos, Ann P. Kinzig, Jerry Melillo, Roger B. Street, and Thomas J. Wilbanks, "Learning
from the U.S. National Assessment of Climate Change." Environmental Science &
Technology, 39, 9023-9032, 2005.



In today's remarks | will:

Provide some motivation and background.

State the problem | am addressing in general
terms.

Consider why people persist in making
deterministic forecasts when it is very clear that
such forecasts are often close to meaningless.

Suggest some alternative strategies.

. Conclude with a few thoughts on where we

should go from here.
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We need two things:

1. Better methods and worked examples that
llustrate alternatives to making single-
valued deterministic projections of gquantities
we know can't be accurately forecast.

2. A set of folks who are prepared to start using
these methods so as to point the way to
better practice.
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On the first point:

As part of the work of our NSF
center on climate and energy
decision making, we are planning a
small workshop for this spring that
will focus on what sorts of time
series it does and does not make
sense to try to predict (as point/line
estimates), and what alternative
strategies we should be developing
and promoting.

Arru. Rev. Energy Bnviron. 2002. 27:83-118
doi: 101146/ anmumev enerey. 27 122001 083425

WHhaT CaN History TEAacH Us? A Retrospective
Examination of Long-Term Energy Forecasts for
the United States™

Our hope is to build on previous

work by folks like Craig et al. and
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iSierra Club Global Warming and Energy Program, 623 Lafayette Street, Martinez,
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*Indoor Environment Department, Lawrence Berkeley National Laboratory, 1 Cyclotron
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B Abstract This paper explores how long-term energy forecasts are created and
why they are useful. It focuses on forecasts of energy use in the United States for the
wyear 2000 but considers only long-term predictions, i.e., those covering two or more
decades. The motivation 1s current interest in global warming forecasts, some of which
run beyond a century. The basic observation is that forecasters in the 1950-1980 period
underestimated the importance of unmodeled surprises. A key example is the failure
to foresee the ability of the United States economy to respond to the oil embargos of
the 19705 by increasing efficiency. Not only were most forecasts of that period system-
atically high, but forecasters systematically underestimated uncertainties. Long-term
energy forecasts must make assumptions about both technologies and soeial systems.
At thair most successful, they infinence how people act by showing the consequences
12 They are nseful when they provide insights to energy planners, influence
ions of the publie and the energy poliey community, capture cwrrent under-
f underlying physical and economic prineiples, or highlisht key emersing
rononuc trends.

me that at best we see dimly into the future, but those who acknowledge

develop recommendations and a e -y

research agenda.

We would welcome advice!

ful, our conclusions may be rendered so far probable as to lead to further
ies... (1), p. 4.
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A set of folks who are
prepared to start using these
methods so as to point the

On the Second pO”’]t way to better practice.

My sense is that we should not start by focusing on
ministers, agencies like U.S. EIA or the IEA that routinely
produce deterministic forecasts.

Nor would | expect many economists who do forecasting
of economic performance to be very receptive.

Rather, once we have provided clear pointers to improve
methods, we should begin to work on persuading the
energy, climate, and other modeling and assessment
communities to make greater use of such methods.
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That is the way Iin which...

...uncertainty analysis was developed and
spread throughout the risk analysis community
over the course of the past 50 years.
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http://www.quotationspage.com/quotes/Lao-tzu/

End

In developing the ideas discussed in this talk | have been fortunate to have generous
support from the National Science Foundation (SES-9209783, BCS-9218045; SES-
034578; SES-0949710 and others), the Department of Energy (DE-FG02-93ER61712,
DE-FG02-93ER61711, DE-FG02-94ER61916), the Electric Power Research Institute, the
National Oceanographic and Atmospheric Agency, the Scaife Family Fund, the Doris
Duke Charitable Foundation, the Gordon and Betty Moore Foundation, Carnegie Mellon
University and a number of others. Thanks to my many colleagues and students, and
especially to Hadi Dowlatabadi, David Keith, Lester Lave, Max Henrion and Ed Rubin.
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