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DISCLAIMER

This report was prepared as an account of work sponsored by an 
agency of the United States Government. Neither the United States 
Government nor any agency thereof, nor any of their employees, 
makes any warranty, express or implied, or assumes any legal liability 
or responsibility for the accuracy, completeness, or usefulness of any 
information, apparatus, product, or process disclosed, or represents 
that its use would not infringe privately owned rights. Reference 
herein to any specific commercial product, process, or service by 
trade name, trademark, manufacturer, or otherwise does not 
necessarily constitute or imply its endorsement, recommendation, or 
favoring by the United States Government or any agency thereof. The 
views and opinions of authors expressed herein do not necessarily 
state or reflect those of the United States Government or any agency 
thereof.

DISCLAIM ER

Portions of this document may be illegible in electronic image 

products. Images are produced from the best available 

original document.



TABLE OF CONTENTS
Mi

Executive Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  iiiPreface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  vAcknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  V1’Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Background .. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  3Uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  7Uncertainty Analysis Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . .  8The Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  14Model Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  I4Energy Demand . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  16Energy Supply . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  18Energy Balance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  19COo Release . . . . . . . . . . . . . . . . . . . .   20The Data Base . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  23Determination of Input Data Values . . . . . . . . . . . . . . . . . . . . . . .  26Summary of Distribution of Input Assumptions . . . . . . . . . . . . . . .  28Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  28The Monte Carlo Simulation Exercise . . . . . . . . . . . . . . . . . . . .  31Uncertainty in Future Carbon Emissions, 1975-2075 . . . . . . . . . . .  32A Comparison of Emissions Projections . . . . . . . . . . . . . . . . . . .  41A Comparison of Projected Emission Variabilityto Historical Variability .. . . . . . . . . . . . . . . . . . . . . .  46C02 Trajectories . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  50Importance of Input Assumptions . . . . . . . . . . . . . . . . . . . . . . .  59Analysis of Energy Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 75Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  83Notes .. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  87References .. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  91Appendix A, Monte Carlo Data Set . . . . . . . . . . . . . . . . . . . . . . . . . . .  A-lAppendix B, The IEA/0RAU Long-Term Global Energy-C02Model Version A.84—Model Improvements . . . . . . . . . . . . . . .  B-lAppendix C, Variable Definitions and Cross Correlations . . . . . . . . . .  C-lAppendix D, Detailed Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . D-lAppendix E, Monte Carlo Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . .  E-lAppendix F, The IEA/0RAU Long-Term Global EnergyEconomic Model Software . . . . . . . . . . . . . . . . . . . . . . . . . . .  F-l



EXECUTIVE SUMMARY

Summary
This report documents the results of work with the IEA/0RAU Long-Term 

Global Energy-C02 model to analyze model predictions of future global carbon 
emissions form fossil fuel use and the uncertainty surrounding such forecasts. 
This project was jointly conducted by the Institute for Energy Analysis 
(IEA/0RAU) and the Oak Ridge National Laboratory (ORNL) for the U.S. Department 
of Energy.^
Approach

The methodology utilized state-of-the-art techniques of uncertainty 
analysis along with review and revision of the IEA/0RAU model structure 
(documented fully in Appendix B), and review and description of uncertainty 
surrounding model assumptions and parameters (documented fully in Appendix A) 
to explore uncertainty in fossil fuel CO2 emissions over the period 1975-2075. 
Possible interrelationships among assumptions and parameters, and their effects 
on overall forecast uncertainty are explored.

The fact that uncertainty is described should not mislead readers into 
concluding that whereas we do not know the future with certainty, we do know 
the uncertainty about the future with certainty. An uncertainty analysis 
does not change the fundamental modeling relationship. Model assumptions 
(description of uncertainty about model assumptions) interact with a model 
structure (assumed known by hypothesis) to produce a scenario (description of 
scenario uncertainty).
Results

The major findings include:
1. The median rate of C02 emissions grow at an average annual rate of 1.0 percent per year. This rate is substantially lower than the

(a) We appreciate the support of the Carbon Dioxide Research Division; in particular, Fred Koomanoff, Program Director, and Roger Dahlman. In addition we would like to express our appreciation to Marvin Miller and Irving Mintzer for their comments and suggestions to John Trabalka for his support of this undertaking, and to Fay Kidd for typing and editing numerous drafts. While we are indebted to many for helping us craft this document, the final responsibility for its accuracy and usefulness resides solely with the authors.

iii



post World War II experience and lower than that found by earlier studies.
2. Overall uncertainty in the emission rate was found to be considerable. A range of 3.0 percent per year growth in emissions and a declineof 1.4 percent per year are needed to bracket 90 percent of the 400 randomly generated scenarios.
3. Low and declining CO2 emissions rates appear more likely than past research has indicated. Roughly one quarter of the scenarios show global emissions falling from current levels.
4. The three most important determinants of variation in COo emissions were labor productivity, rate of improvement in end-use energy efficiency, and the income elasticity of demand for energy in the developing world.
5. Based on the analysis of potential correlation among assumptions, model structure plays a key role in the determination of median estimates of fossil fuel CO2 for energy emissions.
6. Conspicuously absent from the list of key variables were the rate of interfuel substitution and the fossil fuel resource base by fuel type.

IV



PREFACE

This report documents a research project undertaken jointly by the 

Institute for Energy Analysis, Oak Ridge Associated Universities, and the 

Oak Ridge National Laboratory for the U.S. Department of Energy, Carbon 

Dioxide Research Program. The objective of this research project was to 

explore uncertainty in future fossil fuel related CO2 emissions over a 
century time horizon (1975-2075). In support of that objective a data base 

was developed, the IEA/0RAU global energy-C02 emissions model was modified, 

model documentation was revised, the new model was transferred to CDIC and 

uncertainty analysis was conducted. This project builds on a substantial 

base of preceding work including Edmonds et al. (1984) and Edmonds and 

Reilly (1985).

The report is structured In three levels, an executive summary, 

accessible to the general reader and intended to convey only the most 

general highlights of the study, the main body of the report, also 

accessible to the general reader and intended to describe in detail, 

background approach, and results of the study, and a set of appendices, 

intended for a technical audience interested in the fullest technical 

description of the model, data base, methods, and results.
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UNCERTAINTY IN FUTURE GLOBAL ENERGY USE AND 
FOSSIL FUEL C02 EMISSIONS

INTRODUCTION

This report deals with the long-term future of the world's energy 

system and its associated emissions of carbon dioxide (CO2) a radiatively 

active atmospheric constituent. The time and geographic scales are large, 

100 years into the future and the entire globe. Such scales are made 

necessary by the nature of the problem. Emissions of CO2 mix rapidly 
throughout the entire global atmosphere. Its long resident time implies 

the accumulation of carbon concentrations and it is the prospect of large 

scale CO2 accumulation over the course of this and the next generation that 
raises the spectre of major changes in the earth's radiative energy 

balances and possible climatic and geophysical consequences.

The long-term future of the global energy system is unknowable and 

hence unpredictable. And yet to affect the future we must look forward 

into it. In fact, part of the future's uncertainty stems directly from the 

fact that alternative human activities have vastly different consequences. 

This desire to look forward and inability to predict the future leaves us 

walking a very narrow intellectual tightrope.

In the work that follows we will attempt to structure the interactions 

among various relevant human activities, assess uncertainty about the 

future course of such events and using recently developed techniques of 

quantitative analysis describe the consequent uncertainty surrounding 

future emissions of C02*

1
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At first blush the jump from predictive forecasting to quantitative 

uncertainty analysis may appear to solve the problem of forecasting the 

future. It may appear that while we cannot know the future, we can predict 

the uncertainty distribution surrounding the future. But this is in fact 

not the case. The crucial relationship between output (in this case future 

CO2 emissions); model (the description of how human activities interact 
with each other to determine CO2 emissions); and inputs (assumptions about 
relevant human activities) has not been altered. The uncertainty analysis 

merely translates uncertainty about key assumptions through a consistent, 

logical structure, describing their interactions into an implied 

uncertainty about CO2 emissions.
Thus, just as the accuracy of a predictive forecast depends completely 

on the accuracy of both its assumptions and model, the accuracy of an 

uncertainty analysis depends completely on the accuracy of the distribution 

of assumptions and the model. The quality of analysis that comes out still 

depends completely on the quality of the analysis going in.

The question then arises as to why bother to go to all the trouble of 

an uncertainty analysis in the first place. The answer to that is that a 

great deal can be learned. An uncertainty analysis not only works out the 

consequences of what are held to be "likely” assumptions but also the 

consequences of unlikely assumptions and combinations of events, some of 

which are likely and some of which are unlikely. By systematically 

exercising a model in this way, we were able to test the sensitivity of 

forecasts to assumptions, explore the behavior of the model under extreme 

and what are currently believed to be unlikely assumptions (though
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assumptions which future events may cast in a different light), assess the 

relative importance of alternative assumptions and explicitly rephrase the 

question of future CO2 emissions in terms of a best guess with confidence 
intervals.

In the remainder of the paper we will explore the brief history of CO2 
emissions forecasting and the way in which uncertainty has been addressed, 

describe our approach, including the Monte Carlo uncertainty analysis, the 

model, and data base development, present the results of our analysis, 

including a description of future CO2 emissions uncertainty, and an 
analysis of parameter contributions to forecast variation, and offer a 

comparison of this research to other research, in particular the 

uncertainty analysis conducted by Nordhaus and Yohe (1983).

BACKGROUND

The relatively brief history of fossil fuel CO2 emissions forecasting 
has seen rapid evolution in both the way future emissions are forecast 

(modeling) and the way in which uncertainty is handled.^

Modeling

Early studies forecast fossil fuel CO2 emissions by extrapolating a 
time-trend of energy use and CO2 emissions from the post-World War II 
record, for example JASON (1979) and Bacastow and Keeling (1981). The 

resulting analysis led researchers to predict that atmospheric concentra­

tions of CO2 would reach 600 ppm, roughly double the pre-industrial level, 
early in the next century.
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Other researchers fixed a pool of carbon which they felt would be 

vented and then distributed emissions through time with a variety of the 

logistics curve specifications, for example see Keeling and Bacastow (1977) 

and Rotty (1979). This model led researchers to expect CO2 "doubling" to 
occur nearer the middle of the next century than the beginning.

Both approaches have come under heavy criticism, Ausubel and Nordhaus. 

(1983) and Edmonds and Reilly (in press). Neither early approach 

establishes a meaningful link between human activity and CO2 emissions.
The simple time-trend extrapolation implies no significant changes in any 

underlying human activities which affect CO2 emissions. The logistics 

curve models are time-driven models constrained by a pool of carbon to be 

dispensed over time. The problem with this structure is that the analyst 

must know the size of the pool of carbon vented over all time as well as 

the time profile of its dispersion. Since the total carbon resource base 

is too large to provide any meaningful bound on its own, the researcher 

must determine this crucial parameter exogenously. And it is this 

exogenous, usually undocumented, analysis, which must implicitly or 

explicitly weigh the various influences of such human activities as 

technological progress, economic growth and development, energy price 

paths, population growth, the energy resource base and its gradations, and 

the relative cost of alternative fossil and non-fossil energy production 

technologies, in the context of the human decisionmaking process. As a 

consequence, researchers and policymakers are left painfully unable to ask 

the "what if" questions that arise naturally.

Other researchers have used techniques which deal with these issues 

more directly. This includes both feasibility studies and energy-economy
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studies. Feasibility studies ask the question: Could the world achieve a 

low energy-low CO2 emissions future? Reports by Lovins et al. (1981),

Perry et al. (1982), and Williams et al. (1984), among others, have 

explored explicitly the technical feasibility of such futures.

The mainstream of CO2 emissions analysis has adopted energy-economic 
based analysis. See, for example, Perry and Lansberg (1977), Nordhaus 

(1979), Allen et al. (1981), Haefele (1981), Edmonds and Reilly (1983c), 

and Nordhaus and Yohe (1983).2 The structures of these models vary 

greatly, but all are used as behavioral forecast tools.^

Figure 1 depicts the history of best guesses over the last decade.

The best guess of studies have been classified into three groups corre­

sponding to the analytical methodology: time-trend/logistics curve 

studies, energy-economic studies, and feasibility studies. To some degree 

this classification scheme is arbitrary. Nevertheless taken as a group, 

the feasibility studies show a markedly different history than the time- 

trend/logistics curve and the energy-economic studies. The latter group 

may be taken to represent the mainstream of CO2 emissions forecast 
thought. Over time the area of debate shifted markedly downward. Prior to 

1981 the rate of CO2 emissions was expected to grow at an annual rate of 
between two and four percent per year between 1975 and 2050. After 1983 

the range shifted downward to between zero and two percent per year. It is 

interesting to observe that this downward drift in the area of debate in 

best guess forecasts does not seem to involve the shift from logistics 

curves to energy-economic studies. Rather this shift seems to represent a 

general revision in thinking shared by forecasters using both types of
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ORNL—DWG 85—14393

24 _

1977 1978 1979 1980 1981 1982 1983 1984 1985

YEAR

Figure 1. Rates of projected growth of carbon emissions over the period 1975 
to 2050 grouped by study and date of publication: (*) base case or 
averabe cases for feasibility-type studies, (#) base cae or most 
likely values for study using the IEA/0RAU model, and (•) base case, 
average, or most likely values for other studies. Vertical lines 
represent uncertainty estimates (e.g,, either high or low scenarios, 
or 5th and 95th percentile bounds, were applicable).

Reference numbers are as follows: 1. Keeling and Bacastow (1977);
2. Perry and Lansberg (1977); 3. Siegenthaler and Oeschger (1978);
4. Rotty (1979); 5. Niehaus and Williams (1979); 6. Nordhaus (1979); 
7. JASON (1979); 8. Colombo and Bernadini (1979); 9. Rotty and 
Marland (1980); 10. Bacastow and Keeling (1981); 11. Sundquist and 
Plummer (1981); 12. Haefele (1981); 13. Lovins et al. (1981);
14. Edmonds and Reilly (1983); 15. Nordhaus and Yohe (1983);
16. Rose et al. (1983); 17. Seidel and Keyes (1983); 18. Edmonds et 
al. (1984); 19. Reister (1984a); 20. Reister (1984b); 21. Manne 
(1984); 22. Williams et al. (1984); 23. Edmonds et al. (1985);
24. Chandler (1985); and 25. Rogner (1985).
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model. Perry and Lansburg (1977), for example, fit nicely within the 

spectrum of logistics curve forecasts published during that period in time.

Feasibility studies are another genre entirely. Their focus on pos­

sible low energy-low CO2 emissions futures led them to publish very dif­
ferent emissions forecasts in the pre-1981 period. But the most recent 

study, Williams et al. (1984), indicates a significant upward revision in 

CO2 emissions forecasts.
This seeming consensus of opinion needs to be examined in light of two 

other factors, uncertainty and the general trend toward forecast 

clustering.

Uncertainty

Uncertainty is a major feature on the landscape of emissions fore­

casting. It is more prominent here than in most analyses because of the 

extremely long time horizons involved in the exercise and the consequent 

expectation that key variables will take on values well outside of the 

historical experience.

Before 1983 published studies generally took three alternative 

approaches. Some forecast a single best guess emissions scenario, e.g., 

Perry and Lansburg (1977), JASON (1979), Nordhaus (1979), Allen et al. 

(1981), Lovins (1981), and Edmonds and Reilly (1983c). Others forecast 

alternative scenarios which were deemed reasonably likely, but for which no 

explicit probability assessment was made, e.g., Haefele (1981), and Seidel 

and Keyes (1983). Finally some attempted to construct bounds on possible 

future emissions, e.g., Rotty and Marland (1980), Siegenthaler and Oeschger 

(1978), and Niehaus and Williams (1979).
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The quest to physically bound the emissions of CO2 proved to be impos­
sible. Terrestrial deposits of carbon are too large to prevent a major 

buildup of CC>2 emissions. Feasibility studies have called into question 

whether or not there are any meaningful lower bounds on CO2 emissions. 
Similarly the lack of explicit representation of forecast uncertainty has 

led to a frustration with best guess and multiple scenario analysis.

In 1983 Nordhaus and Yohe published the first uncertainty analysis. 

This analysis utilized Monte Carlo techniques which they termed "prob­

abilistic forecast analysis." A global energy-economic model which 

employed nine forecast parameters served as the organizational framework.

A review of the literature was conducted to assess uncertainty for each 

parameter. A series of Monte Carlo forecasts were generated by repeated 

random drawings of values for each variable. As a consequence, Nordhaus 

and Yohe became the first researchers to explicitly describe future CO2 
emissions in terms of uncertainty. This study is only the second such 

analysis.

UNCERTAINTY ANALYSIS TECHNIQUES

The conduct of an uncertainty analysis allows the researcher to make 

an explicit probabilistic description of alternative future paths of CC>2 
emissions, assess the relative importance of individual assumptions 

(parameters) in explaining forecast variance, and explore the consequences 

of extra model interrelationships among variables.

The basic approach of Monte Carlo uncertainty analysis is to produce a 

large number of scenarios, each scenario being the result of a set of 

values of input parameters selected from distributions representing
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uncertainty derived individually for each parameter. Assuming that the 

model accurately characterizes the structure of the system being modeled 

and that the distributions characterizing uncertainty in input assumptions 

are correct, the scenarios generated by the process represent a random 

sample from the population of possible future CO2 emissions paths.
The application of these general procedures to the IEA/ORAU model is 

illustrated in Figure 2. The procedure begins with the development of 

uncertainty distributions. The IEA/ORAU model has 79 input variables.^

(See Table 1.) Four-hundred input scenarios are generated from these 79 

uncertainty distributions by a systematic procedure called, Latin Hypercube 

sampling (see Appendix E for a detailed discussion of procedures). Each of 

the 400 scenarios contain quantitative values for each of the 79 input 

parameters. Each of the 400 scenarios is different. Each data set is fed 

into the model one at a time. For each data set (scenario) the model 

projects associated energy and CO2 emissions outputs. Ninety-five output 

variables are tracked (see Table 2). The 400 scenario values for each 

model output value are then collected to reveal the uncertainty distribu­

tion for each of the 95 output variables. (See RESULTS and appendices C 

and D.) In addition an analysis can be conducted to assess the relative 

contribution of each of the 79 input variables to the overall uncertainty 

of any output variable. (See RESULTS.)

It should be repeated here that while the techniques employed in the 

conduct of an uncertainty analysis are powerful and useful, they do not 

constitute a crystal ball. Each of the hundreds of scenarios generated 

simply works out the consequences of a set of assumptions systematically 

generated from a distribution supplied by the researchers to a formal 

model. The model (like all models) is only as good as the analysis which
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TABLE 1. THE 79 MONTE CARLO INPUT PARAMETERS

Monte Carlo
Parameter Model
(FARM) Definition Parameter3

1 Nonfuel Cost of Electric HUIL
2 Biomass Cost BIOPSM
3 Interfuel Substitution (final demand) RPJ, RPJK
4 Energy/GNP Feedback: OECD RYL
5 Energy/GNP Feedback: LDC's (ex MIDEAST) RYL
6 Energy/GNP Feedback: MIDEAST RYL
7 Income Elasticity: OECD RYKK
8 Income Elasticity: USSR RYKL
9 Income Elasticity: LDC's RYKL
10 Interfuel Substitution (utilities) RUI
11 Aggregate Energy Price Elasticity RPK, RPKK
12 Exogenous End-Use Energy Efficiency TKL
13 Population OECD & USSR: 1950 ZLM
14 Population OECD & USSR: 1975 ZLM
15 Population OECD & USSR: 2000 ZLM
16 Population OECD & USSR: 2025 ZLM
17 Population OECD & USSR: 2050 ZLM
18 Population OECD & USSR: 2075 ZLM
19 Population China: 1950 ZLM
20 Population China: 1975 ZLM
21 Population China: 2000 ZLM
22 Population China: 2025 ZLM
23 Population China: 2050 ZLM
24 Population China: 2075 ZLM
25 Population LDC's (ex. China): 1950 ZLM
26 Population LDC's (ex. China): 1975 ZLM
27 Population LDC's (ex. China): 2000 ZLM
28 Population LDC's (ex. China): 2025 ZLM
29 Population LDC's (ex. China): 2050 ZLM
30 Population LDC's (ex. China): 2075 ZLM
31 Labor Productivity: OECD + USSR PROL
32 Labor Productivity: LDC's PR0L
33 Oil Supply Elasticity RIL
34 Conventional Oil Resource: OECD: Grade 1 RIGISL
35 Conventional Oil Resource: OECD: Grade 2 RIGISL
36 Conventional Oil Resource: OECD: Grade 3 RIGISL
37 Conventional Oil Resource: OECD: Grade 4 RIGISL
38 Conventional Oil Resource: OECD: Grade 5 RIGISL
39 Conventional Oil Resource:

LDCs (ex. MIDEAST): Grade 1 RIGISL
40 Conventional Oil Resource:

LDCs (ex. MIDEAST): Grade 2 RIGISL
41 Conventional Oil Resource:

LDCs (ex. MIDEAST): Grade 3 RIGISL
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/

Monte Carlo
Parameter Model

TABLE 1. THE 79 MONTE CARLO INPUT PARAMETERS (continued)

(FARM) Definition Parameter

42 Conventional Oil Resource:
LDCs (ex. MIDEAST): Grade 4 RIGISL

43 Conventional Oil Resource:
LDCs (ex. MIDEAST): Grade 5 RIGISL

44 Conventional Oil Resource: MIDEAST: Grade 1 RIGISL
45 Conventional Oil Resource: MIDEAST: Grade 2 RIGISL
46 Conventional Oil Resource: MIDEAST: Grade 3 RIGISL
47 Conventional Oil Resource: MIDEAST: Grade 4 RIGISL
48 Conventional Oil Resourcf*: MTDEAST; Grade s RIGISL
49 Natural Gas Resource: Grade 1 RIGISL
50 Natural Gas Resource: Grade 2 RIGISL
51 Natural Gas Resource: Grade 3 RIGISL
52 Natural Gas Resource: Grade 4 RIGISL
53 Natural Gas Supply Elasticity RIL
54 Coal Resources: Grade 1 RIGISL
55 Coal Resources: Grade 2 RIGISL
56 Coal Resources: Grade 3 RIGISL
57 Coal Resources: Grade 4 RIGISL
58 Coal Resources: Grade 5 RIGISL
59 Coal Supply Elasticity RIL
60 Technological Change, Coal STISL
61 Environmental Costs: Coal: OECD VISL
62 Environmental Costs: Coal: Non-OECD VISL
63 Shale Oil Resource: Grade 1 RIGISL
64 Shale Oil Resource: Grade 2 RIGISL
65 Shale Oil Resource: Grade 3 RIGISL
66 Shale Oil Resource: Grade 4 RIGISL
67 Shale Oil Supply Elasticity RIL
68 Technological Change: Shale Oil STISL
69 Environmental Costs: Shale Oil VISL
70 Nuclear Power Resources: Grade 1 RIGISL
71 Nuclear Power Resources: Grade 2 RIGISL
72 Nuclear Power Resources: Grade 3 RIGISL
73 Environmental Costs: Nuclear VISL
74 Technological change: Nuclear STISL
75 Solar Electric Cost: Year 2000 CSLT
76 Technological Change: Solar*5 b
77 Synfuel Costs: Synoil HCILT
78 Synfuel Process Efficiency GCI
79 Hydroelectric Resource Base HYDRO

aSee Appendix C for detailed explanation of the relationship between. 
^Not model implemented.
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TABLE 2. OUTPUT VARIABLES FOR MONTE CARLO ANALYSIS*

No.

5

5

5

5

5

5

Variable Name 

C02M; M = 1, ..., 5 

EDM; M = 1, , 5

EDRM; M = 1, 5

EFM; M = 1..... 5

GNPFLM; M = l, 5
L = 10

ZLXM; M = 1, .... 5 
L = 10

Definition

Global Carbon Emissions, 1975-2075

Global Primary Energy, 1975-2075

Global Consumption of Refinable 
Fuels, 1975-2075

Global Final Energy Consumption, 
1975-2075

Global Final GNP, 1975-2075 

Global Population, 1975-2075

15 PIM; M = 1..... 5
I = 1, 2, 3

World Price of Fossil Fuels,
1975-2075, l=oil, 2=gas, 3=coal

10 PUILM; M = 1, ..., 5
L = 1, 1=4, 5

Busbar Electricty Costs from Nuclear 
and Solar in the U.S., 1975-2075 
4 =* nuclear, 5 =» solar

5 ESUM; M = 1, ..., 5 Global Electricity Output, 1975-2075

10 ESI2h; M = 1, ... , 5
1=1,3

Global Shale Oil and Biomass 
Production, 1975-2075 
l=shale oil, 3=biomass

15 ESI1M; M = 1, ..., 5
I = 1, 2, 3

Global Conventional Fossil Fuels 
Production, 1975-2075, 
l=oil, 2=gas, 3=coal

10 ESIM; M = 1..... 5
I = 4, 5

Global Primary Nuclear and Solar 
Production, 1975-2075, 4=nuclear, 
5=solar

95

*M denotes time periods, 1=1975, 2=2000, 3=2025, 4—2050, 5=2075. 
L denotes regions, L=10 is the total over regions 1-9.
I denotes fuel type.
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built it. The distribution for each input assumptions are only as good as 

the assessments that created them.

THE MODEL

The IEA/ORAU Long-Term Global Energy Economic Model was modified for 

the conduct of this analysis. The original version of the model is 

documented in Edmonds and Reilly (1984). It was developed under contract 

to the U.S. Department of Energy for the Carbon Dioxide Research Division, 

the sponsoring agency for this research. It has been adopted for CO2 
emissions research by several other institutions as well, including the 

U.S. Environmental Protection Agency, the Massachusetts Institute of 

Technology, the Electric Power Research Institute, the Gas Research 

Institute, and is available from the Carbon Dioxide Information Center at 

the Oak Ridge National Laboratory, which has distributed it to thirteen 

researchers in five countries.

Model Overview

The model can be thought of as consisting of four parts: supply, 

demand, energy balance, and CO2 emissions. The first two modules determine 

the supply of and demand for each of six major primary energy categories 

(see Table 3) in each of nine global regions (see Figure 3). The energy 

balance module ensures model equilibrium in each global fuel market. 

(Primary electricity is assumed to be untraded, thus supply and demand 

balance in each region.) The CO2 emissions module is a post—processor. 
Substantial modifications have been made to the supply, demand, and energy 

balance modules. These are documented in Appendix B. The model can be 

used to develop projections for any desired year, but four benchmark years 

were chosen for scenarios—2000, 2025, 2050, and 2075.
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1. U.S.A. (US)
2. OECD West
3. OECD Asia (Jan. 2)
4. Centrally Planned Europe (EUSSR)
5. Centrally Planned Asia (ACENP)
6. Middle East (MIDEST)
7. Africa (AF)
8. Latin America (LA)
9. South and East Asia (SEASIA)
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Figure 3. Regional Disaggregation of the IEA/ORAU Long-Term, Global, Energy-C02 Model
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TABLE 3. PRIMARY FUEL TYPES IN THE IEA/ORAU ASSESSMENT FRAMEV/ORK

1.0 Oil
1.1 Conventional oil
1.2 Enhanced recovery, shale oil, and tar sands

2.0 Gas
2.1 Conventional gas

3.0 Solids
3.1 Coal
3.2 Biomass

4.0 Resource-constrained renewables
4.1 Hydro, geothermal

5.0 Nuclear

6.0 Solar (ex. Biomass)
6.1 Solar electric (other solar is associated with conservation) , 

wind, and tidal power, ocean thermal energy conversion, fusion 
and other advanced renewable technologies.

Energy Demand

Energy demand for each of the six major fuel types is developed for 

each of the nine regions separately. Five major exogenous inputs determine 

energy demand: population, labor productivity, energy efficiency 

improvement, energy prices, and energy taxes and tariffs.

The model calculates base GNP directly as a product of labor force and 

labor productivity. An estimate of base GNP for each region is used both 

as a proxy for the overall level of economic activity and as an index of 

income. The base GNP is, in turn, modified within the model to be 

consistent with energy-economy interactions. The GNP feedback elasticity 

is regional, allowing the model to distinguish energy supply dominant 

regions, such as the Mideast where energy prices and GNP are positively 

related, from the rest of the world where the relationship is inverse.
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The exogenous end-use energy efficiency improvement parameter is a 

time-dependent index of energy productivity. It measures the annual rate 

of growth of energy productivity which would go on independent of such 

other factors as energy prices and real incomes. In the past, techno­

logical progress and other nonprice factors have had an important influence 

on energy use in the manufacturing sector of advanced economies. The 

inclusion of an exogenous end-use energy efficiency improvement parameter 

allows scenarios to be developed that incorporate either continued 

improvements or technological stagnation assumptions as an integral part of 

scenarios.

The final major energy factor influencing demand is energy prices.

Each region has a unique set of energy prices derived from world prices 

(determined in the energy balance component of the model) and region- 

specific taxes and tariffs. The model can be modified to accommodate 

nontrading regions for any fuel or set of fuels. It is assumed that no 

trade is carried on between regions in solar, nuclear, or hydroelectric 

power, but all regions trade fossil fuels.

The energy-demand module performs two functions: it establishes the 

demand for energy and its services and it maintains a set of energy flow 

accounts for each region. Oil and gas are transformed into secondary 

liquids and gases used either directly in end-use sectors or indirectly as 

electricity. The solid primary fuels, coal and biomass, can either be used 

in their solid forms or may be transformed into secondary liquids and gases 

or electricity. Hydro, nuclear, and solar electric are accounted directly 

as electricity. Nonelectric solar is included with conservation tech­

nologies as a reduction in the demand for marketed fuels.
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The four secondary fuels are consumed to produce energy services. In 

the three Organization for Economic Co-Operation and Development (OECD) 

regions (Regions 1, 2, and 3 in Figure 3), energy is consumed by three end- 

use sectors: residential/commercial, industrial, and transport. In the 

remaining regions, final energy is consumed by a single aggregate sector.

The demand for energy services in each region's end-use sector(s) is 

determined by the cost of providing these services and by the levels of 

income and population. The mix of secondary fuels used to provide these 

services is determined by the relative costs of providing these services 

using each alternative fuel. The demand for fuels to provide electric 

power is then determined by the relative costs of production, as is the 

share of oil and gas transformed from coal and biomass.

Energy Supply

Energy supply is disaggregated into two categories, renewable and 

non-renewable.^ The categorization is given in Table 4.

TABLE 4. RENEWABLE AND NON-RENEWABLE ENERGY SUPPLY TECHNOLOGIES 
IN THE IEA/ORAU LONG-TERM ENERGY ECONOMIC MODEL (A84)

Non-Renewable Renewable

Conventional Oil 
Unconventional Oil 
Natural Gas 
Coal
Nuclear*

Hydro
Solar Electric 
Biomass

*Note that if the breeder reactor is assumed, this technology becomes a 
renewable one.
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Energy supply from all fossil fuels is related directly to the re­

source base by grade, the cost of production (both technical and environ­

mental) and to the historical production capacity. The introduction of a 

graded resource base for fossil fuel (and nuclear) supply allows the model 

to explicitly test the importance of fossil fuel resource constraints as 

well as to represent fuels such as shale oil in which only small amounts 

are likely available at low costs but for which large amounts are 

potentially available at high cost.

Note here that nuclear is treated in the same category as fossil 

fuels. Nuclear power is constrained by a resource base as long as light- 

water reactors are the dominant producers of power. Breeder reactors, by 

producing more fuel than they consume are modeled as an essentially 

unlimited source of fuel available at higher cost.

A rate of technological change is now introduced on the supply side. 

This rate varies by fuel and is expected to be both higher and less certain 

for emerging technologies.

Energy Balance

The supply and demand modules each generate energy supply and demand 

estimates based on exogenous input assumptions and energy prices. If 

energy supply and demand match when summed across all trading regions in 

each group for each fuel, then the global energy system balances. Such a 

result is unlikely at any arbitrary set of energy prices. The energy 

balance component of the model is a set of rules for choosing energy prices 

which, on successive attempts, brings supply and demand nearer a system- 

wide balance. Successive energy price vectors are chosen until energy
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markets balance within a prespecified bound. Figure 4 displays the 

interactions necessary to achieve a global energy balance.

COo Release

Given the solution from the energy balance component of the model, the 

calculation of CO2 emissions rates is conceptually straightforward. The 

problem merely requires the application of appropriate carbon coefficients 

(carbon release per unit of energy) at the points in the energy flow where 

carbon is released. Carbon release is associated with the consumption of 

oil, gas, and coal. Significant carbon release is also associated with 

production of shale oil from carbonate rock. A direct zero carbon release 

coefficient is implicitly assigned to nuclear, hydro, and solar power and 

to conservation. Actual calculation of CO2 emissions is made somewhat more 
complex than indicated by the conceptual simplicity, but primarily because 

of the need to appropriately account for flows of carbon that are not 

oxidized (see Figure 5).

A considerable literature exists concerning appropriate values for CO2 
coefficients. Those in Table 5 were calculated at IEA/ORAU by Gregg 

Marland and Ralph Rotty. The coefficients are representative of average 

global fuel of a given type and are consistent with the model's CO2 
accounting conventions as indicated by Figure 5.

TABLE 5. C02 COEFFICIENTS IN THE IEA/ORAU,
LONG-TERM ENERGY-C02 MODEL 

(in Tg/EJ)

Fuel Carbon

Liquids
Gases
Solids

19.2
13.7
23.8
27.9Carbonate rock mining
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Figure 4. Structure of the IEA/ORAU Long-Term, Global, Energy-C02 Model
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THE DATA BASE

The IEA/ORAU long-term global energy-economic model. Version ASA, uses 

a numeric data base which is benchmarked to 1975 United Nations energy 

statistics. The data set contains 2126 elements grouped under 50 parameter 

names (see Table 6). This data set is displayed in Appendix F, lines 

6165-7031. Of the 2126 elements 381 are used exclusively to benchmark the 

model and 360 are available to examine energy trade and tax policies. The 

remaining 1385 data elements are forecast variables. Of these 70 are 

related solely to calculating the rate of CO2 emissions. Of the 1315 

energy forecast data elements 649 were involved in the uncertainty 

analysis.

A total of 666 energy forecast data elements were omitted from the 

analysis. Data elements were omitted to reduce the computational burden. 

Elements were selected because they were either uninfluential in the deter­

mination of energy balances (e.g., TRI), an integral part of model struc­

ture (e.g., BSUILM), or a variable whose uncertainty could be directly 

captured by varying a partner variable (e.g., RIGISL was varied but CIGIS 

was not). To reduce the computational burden still further, the 649 data 

elements were tied to 79 "driving" variables via a set of aggregation 

procedures. Aggregations were made along natural lines (see Table 1). For 

example uncertainty surrounding the global hydroelectric resource base was 

examined but this one Monte Carlo variable aggregated resources across nine

global regions
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TABLE 6: MODEL A84 INPUTS

Parameter
Name

No. of 
Values Function3 Definition

TRI 3 V International Transport Costs
PIM 18 B Initial Energy Price Estimates
TXILM 9/153 B/P Tariff Barriers
TXJLM 9/207 B/P End-Use Energy Tax Rate
ZLMb 18/45 B/V Global Population
PROLb 9 V Labor Productivity Growth Rate
GNPBC 9 B 1975 GNP
GIJ 3 V Refining Transformation Efficiency
HU 3 V Refining Non-Energy Costs
GUI 6 V Electric Power Conversion Efficiency
HUILb 54 V Non-Energy Electric Power Generation Costs
RUIb 5 V Fuel Substitution Elasticity
PAUIL 27 B Power Plant Energy Cost Benchmark
BSUILM 45/225 B/V Base Fuel Share Weights
TKLb 15 V Rate of End-Use Energy Efficiency Improvement
RIGISLb 225 V Fossil and Nuclear Energy Resources by Grade
CIGIS 30 V Minimum Extraction Cost by Grade
VISLb 45 V Environmental Costs Post-1975
RILb 45 V Energy Supply Elasticity
STISLb 45 V Rate of Technological Change in Supply
RESIL 45 V Minimum Level of Energy Supply
ESFIL 45 B 1975 Energy Supply
FLRL 9/18 B/V Rate of Natural Gas Flaring and Venting
HYDROLb 18/27 B/V Hydroelectric Power Production
CSLTb 3/18 B/V Solar Electric Costs
HCILT 18/36 V/V Non-Energy Synfuel Costs
GCI 2 V Synfuel Conversion Efficiency
RCI 2 V Solids/Synfuels Choice Elasticity
GJK 9 V End-Use Energy Conversion Efficiency (OECD)
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TABLE 6: MODEL ASA INPUTS (cont'd)

Parameter
Name

No. of 
Values Function3 Definition

GJ 3 V End-Use Energy Conversion Efficiency (non-OECD)
HJK 9 V Non-Energy End-Use Energy Service Costs (OECD)
HJ 3 V Non-Energy End-Use Energy Service Costs (non-OECD)
SJKLP 75 B Energy Service Price Weights
BSJKLM 60/300 B/V Energy Service Share Weights
RPKKb 3 V Aggregate Energy Price Elasticity (OECD)
RPKb 1 V Aggregate Energy Price Elasticity (non-OECD)
RPJKb 12 V Interfuel End-Use Substitution Elasticity (OECD)
RPJb A V Interfuel End-Use Substitution Elasticity (non-OECD
RYKKb 3 V Income Elasticity (OECD)
RYKLTb 2 V Income Elasticity (non-OECD)
RYJK 12 V Income Interfuel Substitution Elasticity (OECD)
RYJ A V Income Interfuel Substitution Elasticity (non-OECD
RYLb 9 V Energy-GNP Feedback Elasticity
C0Ic 7 V CO2 Release Coefficient
SBURNLC 9/18 B/V Fraction of Flared and Vented Gas Burned
SHALEC 9/18 B/V Fraction of Shale Oil in Carbonate Rock
SPEEDILC 27 V Share of Fuel Used as a Feedstock
BIOPSMb 16 V Biomass Base Supply Curve
BIOLM 18 V Biomnass Resource Base
RYSHT 1 V Income Elasticity of Biomass Supply

aV “ Forecast variable; B * benchmark parameter; P * policy control variable. 

^Parameter explicitly included in uncertainty analysis. 

cUsed to calculate CO2 emissions for energy results.
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Determination of Input Data Values

Quantitative values, for all 1385 forecast data elements were 

contained in the data base for each scenario run. For the 736 energy fore­

cast data elements that were not varied, median forecast values were used. 

These values were taken from the benchmark data sets of model version B82. 

Information used to develop the median values for data is contained in 

Edmonds and Reilly (1985), but to date no element-by—element description of 

the derivation of quantitative values has been published.

The derivation of quantitative values for parameters used in the Monte 

Carlo analysis is formally documented. See Appendix A. The derivation of 

uncertainty distributions for each parameter is also documented there. The 

derivation of Monte Carlo parameter distributions from historical data, 

literature, and other information is summarized in a set of "data sheets.

The data sheets provide a standard format for each "input assumption" 

(e.g., 4 Monte Carlo parameters or variables are associated with coal 

supply; coal supply is considered one input assumption). Each data sheet 

identifies the following: the input assumption (e.g., coal supply), the 

number of Monte Carlo variables that help to determine coal supply, the 

specific variables involved (as listed in the computer code), a discussion 

of the data format for the Monte Carlo analysis, a discussion of how the 

Monte Carlo data is integrated with the model specification, a discussion 

of potential correlation with other variables in the model, relevant 

bibliographic sources, a list of experts in the area, the specific 

distribution for each parameter, the specific rule for disaggregation to 

model region (as necessary), and finally a worksheet (as necessary).
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The topical headings are, for the most part, self explanatory and

their purpose obvious. We offer further explanation for the following:

Potential correlation with other variables is an exploratory 
attempt to account for possible relationships among assumptions in 
the model. The standard practice is to assume that all interesting 
relationships are specified within the structure of the model.
Thus, values for each variable can legitimately be selected 
independently of the values for other variables. However, the 
techniques used here leave open the possiblity of specifying a full 
correlation matrix among variables. This allows one to, for 
example, hypothesize a relationship among two variables and test 
the impact on the distribution of output variables. This technique 
offers one way of examining effectively different model structures 
since the assumption of correlation among input values suggest that 
a relationship exists between the variables beyond any relationship 
that is modeled explicitly.

The list of experts is generally a partial list compiled as a 
by-product of the literature review and other attempts to glean 
available information. It is included to provide for possible 
individual or panel/workshop expert elicitation if such exercises 
are judged to be useful in light of the results derived from the 
current Monte Carlo exercise. Inclusion on the list does not 
necessarily indicate that the expert was contacted for the data 
compilation renorted here.

Specific distributions are given for each parameter. In general, 
we give a value for the 3, 16, 50, 84, and 97 percentiles. Some of 
these points were dropped in cases where it was felt that available 
evidence allowed for no more resolution than, for example, to 
assume a uniform distribution between extremes. The distributions 
are assumed continuous and linear between values. This allows for 
as much resolution as we feel can be ascertained from available 
information while also allowing for more flexibility than would be 
obtained by assuming all distributions to be normal, uniform, or 
some other functional distribution.

The worksheet contains a complete documentation of the specific 
sources used in deriving distributions and any intermediate 
calculations, assumptions, and considerations. In cases where 
there is little or no hard evidence on the parameter the worksheet 
is noticeably thinner. In these cases we have made the 
distribution correspondingly broader to reflect obvious ignorance 
concerning values for the parameters. If the Monte Carlo analysis 
shows these parameters to be unimportant, even though highly 
uncertain, they can be safely ignored. If, on the other hand, they 
are shown to be important sources of uncertainty in carbon 
emissions, increased effort at understanding the parameter (and 
processes involved) is indicated.
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Summary of Distribution of Input Assumptions

Table 7 provides a summary of the distribution assigned to Monte Carlo 

parameters. Refer to Table 1 and Appendix C for an explanation of the 

relationship between Monte Carlo Parameters (PARMs) and specific model 

parameters and of the form the parameters take (e.g. , as a percentage 

growth, level, or index). The distribution characteristics given in Table 

7 are based on the sample data used to produce the Monte Carlo distribu­

tions. The reader is cautioned in interpreting this data. The distri­

butions characterized by these summary statistics are not simple functional 

distributions (e.g., normal or uniform) and are not symmetric. Thus, the 

means are not identical to the medians and usually are greater than the 

medians.

RESULTS

Results of the study fall into two general categories: (1) descrip­

tions of the distributions of variables predicted by the model, the primary 

variable of interest being future carbon emissions; and (2) assessment of 

the relative importance of input assumptions in determining the results 

which provides a useful summary of the model structure. The following 

sections include a discussion of these two types of results organized 

around the following major headings: Uncertainty in Future Carbon 

Emissions, 1975-2075, A Comparison of Emissions Projections, A Comparison 

of Projected Emissions Variability to Historical Variability, CO2 
Trajectories, Importance of Input Assumptions, and Analysis of Energy

Results



TABLE 7. CHARACTERISTICS OF THE DISTRIBUTIONS OF INPUT PARAMETERS* 

(See Appendix C for Full Definition of PARMS)

VARIlaiE

nam
Ptznz
P19A3
PARHA
ptani
PtflMS
P»H«7
FARMS
FiRm
FA Rmo
Ptnnn
PARMl2
Faf:uI

PARM13 
PiR:il6 
FARMlT 
PAR.H8 
PARH19 PARMIO 
P APM 21
parm;2
PARM23 
parm;* 
PARM23 
PARH23 
PARM27 
P1RM2S 
PARn29 
PARH20 
PA fl M2 1 
PARM22 
P1RMJ3 
PARMJ* 
PARM33 
P ARM36 
PAfin:7 pe°M:a 
PARM39 
PAR^A" 
PARMA1 
PARMA2 
PARMA] 
PARMAA 
PARMA3 
P1RMAB 
PARMA 7 
PARMA a 
PARMA 9 
PAR~«C 
PARH31 
PARM32 
PARM33 
PARMS A 
PA RMS 3 
P ARMS 6 
PARMS 7 
PARMS8 
PA»“39 
PARMBO 
P ARM til 
PARM62 
PARMS] 
PARMSA 
PARMS3 
FARMS* 
PA RMS7 
PARMsB 
PARMC9 
PARM7Q 
PAPM71 
PAHM 72 
PAHM73 
PARM7A 
PAHM73 
PARM76 
PARM77 
PARM7B 
P ARM 79

MEDIAN MEAN

l.lllll
171 III

»» II 
till II 
1411 II 
AH.Ill 
III! II 
UM II 
I4tl.ll1141.11 
441.Ill 
till II 
Ml III3411.111441.11 4411 II 
till II 
Mil II 4411 II 
l.lllll 
uni i ami
mill
74111.1 
74111 I 
l.lllll
IKIII1.11111
linn

24411.1 
SHI. I mill 
ISHIII1.11111.min
I. HIII 
15H II 
nil II 
t]HHI
II. 1111 
IISHIIS llllmin

4.Hill 
i.iiiii 
24.1111

8 372 32
1 531 68m A 263 49

-0 138 41
-0 233 32

0 03349
0 947 68
1 133 971 370 14

-3 96226
-0 643 4 *

0 C13 44
1241 000 00
1358 171 37
1493 63988
1543 69231
1372 361 79
1383 271 00
911 003 00

1240 843 30
isos 404 *8
1617 367 37
1633 189 88
1673 6177*
1023 003 00
3292 617 2*
*366 *87 86
3C39 966 85
3263 934 A3
33*2 491 30

C 01603
0 024 76
0 933 82

*01 538 13
11*6 43226
2283 78827
193* 60] S9
1*58 33331
309 327 19

1225 632 97
2171 371 38
1662 13846
12*7 882 5 3

*70 611 96
1170 472 46

90* 949 89
3892 33206
1332 021 66
• 821 720 64
1989 843 77
3667 39322
6102 684 05

0 932 89
293*1 323 69
36363 37393
3*576 *33 23
69*5 3 618 1 8

naiai 412 1 7
■c 034 7 9
0 003 *0
2 068 45
1 *01 01

23128 865 30
12C6** 371 4 2
3239*3 923 2 2

118783* 819060 957 7]0 003 79
3 111 51

1203 334 3 2
64 36 871 26

1124857 65832
29 82! 8 1

0 00625
64 04J 3*

0 023 OO6 734 60
2 13802

26 226 68

STAND ARO MXNTPUR
DEVIATION VALUE MAXIMUM

VALUE
2.373AaB 
1. 14 1903 
I# 6993 76 
0.070671 
0.089373 
0.034368 
0.268366 
0.332777 
0.462300 
2.932403 
0.339381 
0.C072BO 0.000000 

72.437224 
107.329686 
111.676128 
13 l. 373302 
190.428336 0.000000 
63.366783 

106.996361 
113.24*322 
137.711106 
199.089032 0.000000 
170.337366 
309.879*97 
238.801261 
*99.8*0661 
636.33*377 

0.01016* 
0.016167 
0.223180 

122.636833
367.4092*1
729.390073 616.628914 *33.833793 163.896712 39*.7331*0 703.093147 .3*0. 369232 *06.723604 198.6*9387 230.3760*1 
133.788381 396.080633 238.131931 1610.891411 7*6.821338 1373.209*38 8637.357836 0.321932 11*12.132923 142C0.337320 20378.173461 23179.3*6761 67*09.*13313 0.32*214

0. 003*531. 71*261 1.691200
1333 3.428*70 

133807.029*33 
*0*987.3130*7 
76*68*.962910 

3.322281 
0.CO 6289 
3.290721 

789.336338 
*99 3.0*7*03 

682767.593723 
31.0*6687 

. 0.00*393 
60.*2*273 

0.C20231 
3.690116 
0.3974*3 

10.666072

6.3013236 
C.201629* 

-7.4887609 
-0.2990367 
-0.3999983 
-0.0*9*318 
0.2030814 
0.2023672 
0.3023*63 

-11.91713*5 
-1.2983792 
0.0CCO22*

1141.0 000 COO 
121*.212*023 
1263.6335643 
1327.3903220 
1280.2*0*783 
1221.208*961911.0000000
1118.4006789
1291.5879*93
1389.27*41*1
13*8.3823193
1291.816*063
1923.0000000 
29*9.3276660 
3773.0302530 
*3*7.6601*63 
♦288.7378123 
*131.37*0000
—O.00*8*3* 
-0.00975*0 
0.003*215 

131.7601013 
30 2.* 130 591 
1001.2392773 
852.1176738 
623.69*0918 
300.7016602 
722.3227339 
1282.363232* 
971.666*992 
731.6567*8: 
200.9880829 
863.0031270 
621.3307813 

2805.7307129 
1033.7770996 
2108.*22607* 
66 6.52 * 6 38 2 

1603.7363281 
*39.2712*02 

0.0027608 
65*0.7929688 
8109.4763623 
12313.3750000 
13*67.0193313 
15299.730*688 

0.003250C 
-0.00*9788 
0.0036*75 
0.0020*17 
O.Sl»7*]6 
7. 1976652 

1*.0373601 
13 9.0091*38 

0.0533662 
-0.00*9650 
0.00*9109 
0.037262* 0.3557701 
1.7802221 
0.0278197
0.0000113
6.0782967

-0.00966*6
3.3315*3*
1.2333072
•.01**632

13.97190 
3.98554 

-0.*1137 
-0.01028 
-0.03C33 

0.199*3 
X.39676 
1.75312 
2.19753 

-0.*030*-o.ososa
0.52980 11*1.00000 

1312.2*0*6 
1727.98*13 
1783.4089* 
1308.26880 
2011.1*600 
911.00000 

1392.4 (851 
1737.3*614 
1870.7 (331 
2007.39138 
212*.71680 
1923.00000 
3861.30813 
3070.62091 
38*7.67969 
6379.0273* 
•783.0*688 

0.0399* 
0.0 3*83 
1.993*3 

899.12916 
2016.*2896 
*01*.3 1*16 
3391.04321 
2510. *0 623 
9*7.51030 

2269.98682 
40*8.62769 
30*3.93799 
2323.2297* 

993.29361 
1739.17798 
1238.43379 
3263.79297 
2099. 939*7 

1119*.37031 
*629.04688 
8542. 18730 

*2377.33158 
1.9>«90 

53893.07*22 
'66989.00000 
969*8.8 7300 

109765.23030 
333737.62300 

l.95773 
0.01986 
7.92937 
7.93020 

31811. 16016 
9*6622.87300 

1*99015.00000 
2698771. 30000 

1.99*22 
0 .0 2493 

12. 73114 
2884.18091

139*4.94922' 
1998713.00000 

99.81274 
0.01496 

199.22651 
0.03996 

19.3:242 
3.29623 

44. 93207

C.V.*

.2T.7H 
73 a 591 

-32.072 
-51.059 
-*3.a*a 102.021
28.318 
30.571 
33. 736

-74.008 
-52.581 
•9.712 0.000 
5.333 
7. 186 
7.223 
9.6*0 

12.028 0.000 
3.2*6 
7*110 
7.123 
9.528 

11.696o.ooo 3. 180 
7.06* 
7.091 
9. *96 

11.913 
• 3. *02 
63. 290 
34.831 
31.337 
32.047
31.319
31. 88* 
31.120 
32.179 
32.209 
32.377
32. 310 
32.396 
*1. 4*3 
19.723 
16.99* 
13.314 
17.186 
37.357 
37.532 
37.498

1*1.332 
3*. 776 
38.631 
38.838 
37.339 
33.372 
73. 962 
5*.90* 

101.061 
82.877 

11*.133 
67.166 

113.033 
77. 7*1 
6*.392 
5*. 333 

108.370 
103.760 
65.596 
63.398 
60.698 

104.C83 
70. 306 
9*.231 
80.933 
37. 392
27.944 
*0.743

*Based on a sample size of 400.
**C.V. ■ Standard deviation/mean x 100.



30

TABLE 7. CHARACTERISTICS OF THE DISTRIBUTIONS OF INPUT PARAMETERS
(continued)

PARAM DEFINITIONS

FARM Definition

1
2
3
4, 5, 6 
7, b, 9 
10 
11 
12
13, 14, 15, 16, 17
19, 20, 21, 22, 23
25, 26, 27, *

OO<N| 29
31, 32
33
34, 35, 36, 37, 38
39, 40, 41, 42, 43
44, 45, 46, 47, 48
49, 50, 51, 52
53
54, 55, 56, 57, 58
59
60
61, 62
63, 64, 65, 66
67
68 
69
70, 71, 72
73
74
75
76
77, 78 
79

Nonfuel Cost of Electric 
Biomass Cost
Interfuel Substitution (final demand)
Energy/GNP Feedback OECD, Other, MIDEAST 
Income Elasticity OECD, USSR, Other 
Interfuel Substitution (utilities)
Aggregate Energy Price Elasticity
Exogenous Energy Efficiency
Population OECD & USSR, 1950-2075
Population China, 1950-2075
Population All Other Regions, 1950-2075
Labor Productivity OECD + USSR, All Other Regions
Oil Supply Elasticity
Conventional Oil Resource, OECD, Grades*!,5
Conventional Oil Resource Other, Grades*!,5
Conventional Oil Resource MIDEAST, Grades*!,5
Natural Gas Resource Global, Grades*1,4
Natural Gas Supply Elasticity
Coal Resources, Grades=l,5
Coal Supply Elasticity
Technological Change, Coal
Environmental Costs, Coal
Shale Oil Resource, Grades*1,4
Shale Oil Supply Elasticity
Technological Change, Shale Oil
Environmental Costs, Shale Oil
Nuclear Power Resources, Grades*1,3
Environmental Costs, Nuclear
Technological Change, Nuclear
Solar Electric Cost, Year 2000
Technological Change, Solar*
Synfuel Costs
Hydroelectric Resource Base

*Not model implemented
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The Monte Carlo 3iiuulation Exercise

Ninety-five of output values are selected as likely to provide 

interesting results in the Monte Carlo analysis. The selected variables 

are given in Table 2. Because of the need to limit the amount of output 

saved from each of the numerous runs, the focus is on global aggregates.

For solar and nuclear electricity costs, U.S. figures are given as indica­

tive of wopld prices since world trade in electricity does not exist in the 

model.

Two separate Monte Carlo exercises were conducted.^ Results from both 

are reported. The first exercise is based on the 79 uncertainty distribu­

tions described in Appendix A. Here 42 of the 79 variables are assumed to 

be distributed independently of each other while the remaining 37 Monte 

Carlo parameters are deterministically linked to the other 42.® The 

variation in model outputs associated with this underlying description of 

input uncertainty is hereafter referred to as the "zero correlation case."

The second exercise was designed to test the effects of possible extra 

model interactions among variables. For example, a significant body of 

literature shows that knowieuge (technological progress) is a driving force 

in economic growth, that knowledge and capital flow freely across borders, 

and that the existence of trade in goods all serve to link economic growth 

among countries and regions. Thus, it might seem more likely that the 

developing countries would grow rapidly in the future if growth in the 

developed countries is rapid.

Similarly, one might argue that advances in basic knowledge lead to 

across-the-board improvements. Therefore, if labor productivity was likely 

to advance rapidly due to technological advance then energy productivity
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might also advance rapidly. Table 8 summarizes the correlations assumed 

with more detail given in Appendix A. Additional nonzero correlations 

exist in the final data set due to the fact that the primary correlations 

specified in Table 8 imply additional relationships among parameters. For 

example, a positive correlation in regional income elasticities between the 

OECD (FARM 7) and developing regions (FARM 9) and the OECD (FARM 7) and 

EUSSR region (FARM 8) means that FARM 8 and FARM 9 must also be correlated.

This second exercise is hereafter referred to as the "non-zero 

correlation case."

Uncertainty In Future Carbon Emissions, 1975-2075

While we have made this point several other times in this paper, it is 

sufficiently important that it bears repeating. The accuracy and relevance 

of the forecast CO2 emissions and associated uncertainty distributions 
depend completely on the uncertainty distribution for model inputs and on 

the model structure. If either the uncertainty distribution for inputs or 

the model are misspecified, then the forecast emissions and their 

associated uncertainties will be incorrect as well. The results that 

follow are therefore only as good as the analysis that generated them.

Figure 6 provides a plot of key percentile values of the distributions 

of predicted carbon emissions to 2075. Mean and median rates of emissions 

are translated into rates of growth in Table 9.

We note immediately that the emissions distribution of forecast is 

non-normal. Median values are significantly lower than mean values for 

both the correlated and uncorrelated cases. Median forecasts (half the 

cases lie above and half below the median value) are consistent with rates



TABLE 8. ASSUMED CORRELATIONS

FARM Correlation Explanation Justification

5,4 .8
5,6 .8

7.8 .9
7.9 .7

31,32 .9

12,31 .9

31,60 .6 
31,68 .6 
31,74 .6

31,69 .9
31,73 .9

61,62 .6

Regional E/GNP 
feedback elasticities

Regional income 
elasticities

Regional productivity

Labor and energy 
productivity

Labor productivity 
and technological 
change in energy 
production

Labor productivity 
and environmental 
costs

Regional environmental 
costs for coal

Similar transmission 
mechanisms in all regions, 
but magnitude of response 
is uncertain.

Similar transmission mech­
anism, Middle East may be 
less similar due to dominance 
of oil production in the 
economy.

Engine of growth hypothesis, 
growth linked via capital, 
knowledge flows.

Increase in basic knowledge 
is the driving force and 
affects all factors equally.

Increase in basic knowledge 
is the driving force and 
affects labor productivity 
and energy production 
technologies similarly.

Higher income/capita places 
higher demands for clean 
environment.

Similar regulations may be 
adopted internationally.

The data selection approximates these correlations within a tolerance limit 
and additional correlations are implied by the primary correlations 
specified here. See Appendix C for actual correlations under both the 
assumption of zero correlation and the correlation targets given here.
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Assumed Zero Correlation 

Assumed Non-Zero Correlation

95th
/ Percentile

25th
Percentile

5th
Percentile ^ 75th 

Percentile

Percentile

1975 2000 2025 2050 2075
Year

Figure 6. Plot of Carbon Emission Percentiles Based on 400 Runs
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TABLE 9. RATES OF GROWTH OF CO2 EMISSIONS: 
MEDIAN AND MEAN FORECASTS

(percentage rate)

Zero Correlation Non-Zero Correlation
Median Mean Median Mean

1975-2000 1.13 1.34 0.84 1.17
2000-2025 1.33 2.34 0.73 1.94
2025-2050 0.85 1.89 0.42 1.67
2050-2075 0.64 1.12 0.36 1.52

1975-2075 0.99 1.67 0.59 1.58

of growth of CO2 emissions below 1 percent per year. This is lower than 

that found in most other forecast studies (though feasibility studies have 

produced lower and even negative rates of growth). The mean (average) 

forecast for both zero and non-zero correlation cases lie between 1.5 and

2.0 percent per year rate of growth of emissions and are closer to results 

obtained by other studies.

A record observation is the tendency for the rate of growth of CO2 
emissions to be higher in the period 2000-2025 than in the period 1975- 

2000. The median, non-zero correlation case being an exception. This 

tendency for an acceleration in the rate of growth of CO2 emissions in the 
2000-2025 period is mirrored in the base case BC 84. The base case is the 

scenario in which median values for all inputs are run.

In BC 84 the spurt in the rate of growth of emissions results from an 

accelerated rate of growth in natural gas production and the emergence of a 

synthetic fuels industry which more than offset the declining rate of 

growth of conventional oil, nuclear power, hydroelectric power and solar 

electric power.
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The dashed lines in Figure 6 give Che corresponding percentile values 

for the run where nonzero correlations among PARMS are assumed. The graph 

suggests what appears to be a fairly clear narrowing of the distribution.

It also shows a significant reduction in median values. All of the assumed 

correlations would tend to narrow the distribution with the exception of 

the correlation among regional productivity growth rates. Since produc­

tivity growth rates are such an important factor in explaining the 

distribution, it is interesting to note that the combination of other 

factors tends to outweigh this effect.

Table 10 provides additional statistics of the frequency distributions 

of carbon emissions. Note that a frequently used measure of variability, 

the coefficient of variation, is larger in the nonzero correlation case. 

Thus, the conclusion that the frequency distribution of carbon emissions is 

narrower under the assumea sec of cross-correlations is dependent on the 

particular measure of variability chosen.

Figure 7 gives considerably more detail on the distribution of emis­

sions for the years 2000—2075. As can be seen, one—fourth of the cases 

show a roughly constant or lower carbon emissions than current levels 

through 2075—the consequence of a rough balance in two opposing trends: a 

gradual increase in the median value and a gradual spread in the overall 

distribution. This conclusion contrasts with Nordhaus and Yohe's (p. 94) 

results. They show 25 percent of their cases falling below four gigatons 

in 2000, whereas we show roughly 15 percent of our cases below 4 gigatons 

in 2000. However, beyond 2000 the Nordhaus/Yohe results show less than 5 

percent of the cases below 5 gigatons (approximately current emissions) 

with the 5 percentile level of emissions increasing to 7.2 gigatons per 

year by 2100.
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TABLE 10. CHARACTERISTICS OF PREDICTED 
DISTRIBUTIONS OF CARBON EMISSIONS

Measure
2000

Coefficient of Variation:

Zero correlation 39.8
Nonzero correlation 38.8

Mean (gigatonnes):

Zero correlation 6.6
Nonzero correlation 6.3

Standard Deviation (gigatonnes) :

Zero correlation 2.6
Nonzero correlation 2.4

Median:

Zero correlation 6.2
Nonzero correlation 5.8

Year
2025 2050 2075

87.5
87.3

11.7
10.2

10.2
8.9

8.7
6.9

120.4
127.6

18.7
15.4

22.5
19.6

10.7
7.7

127.9
157.6

24.7
22.4

31.6
35.4

12.6
8.4

Zero correlation - Case with zero correlation among PARMs. 

Nonzero correlation - Case with nonzero correlation among PARMs.

If one wishes to interpret the modeling results as making predictive 

statements about the future, our results suggest a significant chance that 

future emissions will fall from and stay below current levels of emissions 

whereas the Nordhaus/Yohe results suggest a near inevitable increase in the 

rate.of emissions over time. Results from the zero correlation case also 

show a somewhat greater chance of higher levels of emissions particularly 

over the next 25 years. Nordhaus and Yohe (p. 94) suggest a one in four
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Figure 7. Distribution of 400 Runs: Carbon Emissions 
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Figure 7. Distribution of 400 Runs: Carbon Emissions (continued)
(units are 106 tonnes of carbon per year
read numbers as a column from top to bottom)
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chance that CO2 concentration will double before 2050 based on a 75th 
percentile emissions rate of 7 gigatons in 2000, 13 in 2025, and 17 in 

2050. Our corresponding 75th percentile rates are 8, 15, and 24. Under 

the set of assumed correlations our 75th percentile values differ from the 

Nordhaus and Yohe values considerably less: our values are 8, 13, and 19. 

These differing results can be traced to our finding of less certainty 

about the future as indicated by the coefficient of variation and combined 

with our higher median in the year 2000 but a lower median beyond 2000 (see 

Table 11).

TABLE 11. MEANS AND COEFFICIENTS OF VARIATION* (C.V.) IN CARBON EMISSIONS

(Means in gigatonnes per year)

Year

2000 2025 2050 2075

This Study**
C.V. 38-39 87 120-128 128-158
Median 6 7-9 8-11 8-13

Nordhaus/Yohe
C.V. 38.4 42.2 48.0 50.4
Median 5 10 15 17

Coefficient of variation is defined as 100 times the standard derivation
divided by the mean.

**High value is in the zero correlation case, low value is in the nonzero
correlation case.
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A Comparison of Emissions Projections

The results of the Monte Carlo exercise can be compared to other emis­

sions projections efforts and techniques. One interesting comparison is 

the median output versus the output when median values of inputs are used. 

One justification for Monte Carlo analysis is that it improves on projec­

tions by recognizing the impact of nonlinearities in an uncertain world.

For example it is well known that E(f(X)) * f(E(X)) only if f is a linear 

function of X. This means that if one carefully determines average values 

for all input assumptions, enters them into a model, and runs it, there is 

no reason to believe that the results are the same as the average over all 

input combinations, even assuming the model to be structurally correct.

In addition, there is no reason to believe that running the model with most 

likely values for all inputs will yield the most likely output.

Model nonlinearity is not the only factor leading to divergence in 

mean and median scenarios and scenarios with either mean or median input 

values. Asymmetry of input probability density functions also plays a 

role. This impact of nonlinearity can be seen by direct comparison,

(Figure 8). Emissions in the median value inputs case reach almost 21 

gigatonnes by 2075. In contrast, the Monte Carlo case with nonzero 

correlation shows emissions of only 8.5 gigatonnes or just over 40 percent 

of the median inputs case. The Monte Carlo case with zero correlation 

shows a median output of 12.6 gigatonnes in 2075. Thus, these various 

techniques using the same model and same data sets yield significantly 

different results. In contrast, both mean emissions follow similar 

trajectories to the scenario with median input values.
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Mean: Zero Correlation 
Cases (400 runs)

Mean: Non-Zero Correlation 
Cases (400 runs)

Median: Zero Correlation 
Cases (400 runs)

BC84

MC84

Median: Non-Zero Correlation 
Cases (400 runs)

2030 2050 2070
Year

Figure 8. Comparison Mean, Median and Median Input Projections

Notes: BC84 = Base Case: derived from one run of the model using median 
values for all parameters.

MC84 = Mean Case: derived from one run of the model using mean 
values for all parameters.



43

It is also possible to compare results to other studies. Figure 9a 

compares 95th, 50th, and 5th percentile values of this study to those of 

Nordhaus and Yohe (1983). This comparison is of particular interest since 

the general projection technique used is the same but the model and data 

were independently developed. The Nordhaus and Yohe (N-Y) study shows a 

considerably narrower range of uncertainty beyond 2000 and particularly low 

emissions in the year 2000. Some of the sources of these differences have 

been discussed earlier.

Figure 9b compares the 95th, 50th, and 5th percentile values of this 

study to Edmonds et al. (1984). The comparison is of interest in 

documenting the impact on results of changing the structure of the IEA/0RAU 

model and the impact of using Monte Carlo techniques. A few observations 

can be made. First, comparing the ER-1984 MID (Case B) scenario (Figure 

9b) to the median input value case (Figure 8) shows very little difference 

as a result of the structural changes in the model. This might be expected 

given the nature of many of the changes; i.e., they were designed to sim­

plify data entry or internalize relationships which formerly required user 

interaction. However, some of the changes are significant enough to illus­

trate problems in comparing model structures (e.g., the graded resource 

concept versus the fixed resource concept for oil and gas are so dissimilar 

that it is impossible to fully standardize resource data between the two 

model versions). Thus, changes in results may be due partly to structure 

and partly to data. It is reassuring that results are very similar between 

the runs (7.2, 10.3, 14.5, and 18.8 GT from 2000-2075 in the ER-1984 study 

and 6.9, 10.3, 14, and 20.7 in the comparable run in the current study).
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Figure 9a. Comparison to Nordhaus/Yohe Study

ORAU 8628 4
Figure 9b. Comparison to Edmonds/Reilly, 1984
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Figure 9c. Comparison to Various Emission Scenarios

2075

Figure 9. Comparison to Other Studies
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Also of interest is different characterizations of uncertainty yielded 

by the two exercises. Several points emerge: first, the spread of the 

ER-1984 study in the year 2000 is much narrower than the spread yielded by 

the Monte Carlo analysis. If one believes that the Monte Carlo results are 

indicative of existing uncertainty one must conclude that the ER-1984 

scenarios are three slightly different mid cases for 2000. This may be 

directly attributable to the fact that ER-1984 held oil and gas resources 

constant; this might be expected to lead to a narrow spread in earlier 

years with little impact in later years since under nearly any plausible 

resources assumptions conventional oil and gas have dwindled significantly 

by 2025. In addition labor productivity is not varied nearly as much in 

ER-1984 as in the Monte Carlo analysis.

A second point which emerges is how relatively high the ER-1984 LOW 

(Case C) scenario is compared to the Monte Carlo results. It is just 

slightly lower than the Monte Carlo 50th percentile value with nonzero 

correlation. Carbon emissions are 6.8 gigatonnes in 2075 in the ER-1984 

LOW (Case C) scenario compared to 1.1 and 1.8 gigatonnes in the 5th 

percentile values of the Monte Carlo analysis.

A third point is the relatively high values for the ER-1984 MID (Case 

B) case. This appears attributable to the interaction of uncertainty and 

nonlinearities as shown in Figure 8.

Finally, the near identical 2075 value in the ER-1984 HIGH (Case A) 

and for the Monte Carlo 95th percentile is an interesting coincidence. A 

comparison between the HIGH (Case A) and 95th percentile values raises a 

point of interpretation; specifically, the path portrayed by the connection 

of similar percentile values over time need not represent a realistic
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timepach. The specific pattern of the 95th percentile values is a 

combination of scenarios which peak at high values in 2025 or 2050 and 

decline and scenarios which may be relatively low in those years but 

continue increasing rapidly through 2075.

A Comparison of Projected Emission Variability to Historical Variability

As an attempt to validate a similar projection effort, Nordhaus and 

Yohe compare historical variability in CO2 emissions based on regression 
trend analysis with projected variability based on their model. We can 

compare our results directly to the Nordhaus and Yohe model projections and 

their historical variability estimates. Table 11 is taken directly from 

their study (p. 144) with our comparable model projections added in the 

last two columns. The first added column is based on results when no 

correlation among inputs are assumed. The second column are results with 

the assumed set of correlations (from Table 4) .

Nordhaus and Yohe present a good case for the dynamic estimates as 

more appropriate measures of historical variability. They go on to argue 

that the fact that their model produces error bounds less than the dynamic 

historical estimates is indicative of the improvements in estimates due to 

careful structural modeling over a naive extrapolation of trends. If we 

accepted this interpretation it would indicate that we actually did worse 

by having an even more detailed structural model. However, we are inclined 

to argue instead that Nordhaus and Yohe's assertation rests on fairly thin 

ice. As they note, any comparison between the projected and historical 

variation (based on the dynamic estimates) rests on the assumption that 

"the pace of economic structural change over the next 100 years is about as 

rapid as that over the last 100 years." Thus, one really has no reason to 

be confident that one can get a particularly good future prediction of a
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best guess value or the variability of a value from a naive extrapolation 

model. Nevertheless, comparison to historical data offers one of the few 

validation alternatives available. Thus, estimates in this study are not 

particularly out of line with historical estimates. However, they do 

suggest somewhat greater variability than do Nordhaus and Yohe's estimates.

A major reason for greater variability in carbon emissions is probably a 

result of our different data set. Among the most important variables in 

explaining variation in carbon emissions in both our and N-Y's model is 

productivity growth. Because we disaggregate to two regions while Nordhaus 

and Yohe have a single region, the data sets themselves are difficult to 

compare but a direct comparison between global GNP is possible (see Table 12) .

TABLE 12. VARIABILITY IN PROJECTED GNP 
(Coefficient of variation)

This Study
Nordhaus and Yohe Uncorrelated Correlated*

2000 18.7 20.5 27.7
2025 24.2 41.1 58.0
2050 31.0 64.3 91.7
2075 38.4 90.1 128.1

♦Productivity growth rates were chosen to assure a correlation (Spearman rank) 
between regions of .9.

This greater variability in global GNP stems from our assumptions of 

considerably greater bounds on labor productivity growth. Our data set 

allows the possibility of economic stagnation and even slight decline. 

Combinations of global financial collapse, trade protectionism, political 

unrest, environment and resource stresses, and an inability to understand 

and correct the current productivity slowdown in the U.S. and other 

developed countries seem reason enough to allow for the possibility of 

stagnation even over a fairly long period.
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At the other extreme, we also allow the possibility that economic 

expansion could be more rapid than Nordhaus and Yohe's highest rates. Some 

interpretations of the historical record would see a spiraling upwards of 

the rate of improvement over the long terra; the 1960s showed record pros­

perity, with the 1970s showing a recession from those highs, to be followed 

by periods of at least as rapid or possibly more rapid expansion. Advances, 

in computers and robotics might lead the way.

The comparison in assumed productivity growth rates is given in Table 

13. But as noted earlier caution is needed in interpreting these figures 

(e.g., in our analysis a low rate for the developing regions is likely to 

be chosen in combination with an average or even high rate for the 

developed region). Thus our global productivity limits will be 

considerably tighter than the regional rates. But as can be seen from 

Table 12 the assumptions of no correlation between the two regions leaves 

the coefficient of variation in our study considerably higher than in the 

Nordhaus and Yohe study.

TABLE 13.

This study*

PRODUCTIVITY

Low

ASSUMPTIONS

Median High

Developed -.5 1.7 4.0
Developing -1.0 2.9 5.5

Nordhaus and Yohe** .7 1.5 2.5

*See Appendix A for a description of the full distribution.

**Average rate over 75 years; actual rates are assumed to decline over 
time.
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In contrast to our subjective determination of uncertainty trends for 

inputs, Nordhaus and Yohe use an analysis of published future estimates to 

develop their distributions. While the estimates they cite include esti­

mates of high, mid, and low growth, there is no particular reason to 

believe that the range of estimates provides a range of the possible or 

even reflect the authors' beliefs of 90 or 95 percentile trends. In our 

view, the available literature estimates for future productivity growth all 

appear to be very middle-of-the-road, thus for labor productivity in par­

ticular, a resort to statistical analysis of largely best guess estimates 

appears to misrepresent the spread of the distribution as one might 

expect. Nordhaus and Yohe assumed that the estimates they had reflected 

random draws from the population. They might have assumed instead that 

each estimate was the mean of a random sample from the underlying 

population, and then applying theorems on the distribution of the mean:

2
E(X) - y and VAR (X) = —n

where X is the random variable of the sample of estimates, u is the under- 

lying population mean, a the population variance, and n the number of 

observations. To indicate the impact, Nordhaus and Yohe report estimates 

by 4 different organizations for productivity growth from 1975-2000. Using 

only the mid-estimate or the middle of the range (in cases where only a 

high or low estimate Is given), the estimated mean and standard deviation 

for the population using the above formula is:

Nordhaus/Yohe Recalculated

U
a

2.3%
.7

2.3%
1.1
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Thus, while the mean remains unchanged, as might be expected, the standard 

deviation increases. While we set our distributions quite independent of 

this "evidence," the standard deviation for the distributions we set are

1.0 percent (developed region) and 1.6 percent (developing regions) with 

the coefficient of variation being 62.5 and 64.2. Thus, our distributions 

appear to reflect very closely the reinterpretation of the Nordhaus and 

Yohe data. Because the data is so sparse for periods beyond 2000, we do 

not attempt any comparable calculations.

CO? trajectories

The previous figures, while useful, do not give an indication of the 

trajectories of CO2 emissions in individual scenarios. Trajectories of 

individual scenarios can give some additional information about the time 

path of scenarios generated by the model. For example, a standard tech­

nique in the area has been to use a single equation with the recoverable 

pool of carbon as a primary variable. A logistics curve or some variant is 

typical. The general pattern sketched is a rising level of carbon use, a 

peak, and then a gradual drop off in emissions. Reister and Rotty (1983) 

have demonstrated that under suitable assumptions a more complicated model 

based on economic principles could generate such a scenario. The per­

centile plots do not indicate a peaking on average but individual scenarios 

do show peaks. The plots in Figures lOa-c represent all scenarios which 

show year to year declines after 2000. (The plots are based on the zero 

correlation Monte Carlo run.)

In total, 91 scenarios (or 23 percent of the 400) fall into this 

category. Of these, 71 show a longer term declining trend; plus, an
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Figure 10a. Scenarios Showing Emissions Peaks in 2000

2000 20752025 2050
Year

Figure 10c. Scenarios Showing Emissions Peaks in 2050

90 -

207520502025

ORAU 8628.6

Figure 10b. Scenarios Showing Emissions Peaks in 2025

1975 2000 2025 2050 2075
Year

NOTE: Model outputs are reported in the 
form of CO2 emissions for discrete 
years (2000, 2025, 2050, 2075). 
Interpolations are therefore indicative 
of possible time paths not model 
generated results.

Figure 10. Scenarios Showing Apparent Emissions Peaks in Years 2000-2075 

(Based on set of 400 runs with assumed zero correlation)
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additional 62 scenarios (16 percent) show a decline in 2000 from 1975 and 

are below 1975 emissions in 2075. Thus, 33 percent of the scenarios show a 

peaking phenomenon. As some of the plots indicate, however, recovery of 

carbon emissions after a temporary decline is a possibility. It is also 

interesting to contrast these scenarios with similar plots of the 

Nordhaus/Yohe results. One criticism of their results is the implausibly 

rapid decline in emissions over very short periods, implying fuel switching 

or conservation efforts of truly massive proportions in a period of 25 

years. (Reilly and Edmonds, 1985). The declines in Figure 10 are 

generally much less than those exhibited in the Nordhaus/Yohe study. Only 

a few of the scenarios show more than a halving of emissions over 25 years, 

with the most severe drop being a 4-fold decline. In contrast, some of the 

scenarios in the Nordhaus-Yohe study show a 20-fold decrease in 25 years. 

These differing results are indicative of the impact of different model 

structures.

Figures lla-d are included to help develop an understanding of the 

forces leading to emissions peaks in different years. Figure 11a compares 

summary statistics for data assumptions in declining emissions scenarios to 

the general population of data assumptions. In so doing it becomes pos­

sible to identify those assumptions which are at variance with the general 

data input population. Data assumptions whose means and distributions 

leave them either significantly higher or lower than the general population 

means are inferred to be important.

It is interesting though not entirely surprising to see the changing 

importance of various factors over time. The sample of scenarios, which 

show declines from 1975 levels through to 2075 have significantly lower
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HYDRO 79 • 1 X . 1 •

Figure 11a. Comparison of Data Subsamples:
Declining Emissions Subsample

MIN and MAX are the normalized values for the full sample of 400 runs,
x indicates the mean of the full sample.
• indicates the MIN, MEAN, MAX of the subsample.
|| indicates the .05 and .95 confidence limits on the mean. If the mean of the subsample

falls beyond these limits it indicates the subsample is significantly different.
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Figure 11 b. Comparison of Data Subsamples:
Emissions Peak in 2000 Subsample

MIN and MAX are the normalized values for the full sample of 400 runs,

x indicates the mean of the full sample.

• indicates the MIN, MEAN, MAX of the subsample.
| indicates the .05 and .95 confidence limits on the mean. If the mean of the subsample

falls beyond these limits it indicates the subsample is significantly different.
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Figure 11c. Comparison of Data Subsamples:
2025 Emissions Peak Subsample

MIN and MAX are the normalized values for the full sample of 400 runs, 

x indicates the mean of the full sample.

• indicates the MIN, MEAN, MAX of the subsample.
| indicates the .05 and .95 confidence limits on the mean. If the mean of the subsample 

falls beyond these limits it indicates the subsample is significantly different.
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Figure lid. Comparison of Data Subsampies:
2025 Emissions Peak Subsample

MIN and MAX are the normalized values for the full sample of 400 runs,

x indicates the mean of the full sample.

• indicates the MIN, MEAN, MAX of the subsample.
| indicates the .05 and .95 confidence limits on the mean. If the mean of the subsample

falls beyond these limits it indicates the subsample is significantly different.
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labor productivity growth in developed and developing countries (PARM 31,

53) and have rapid technological progress in energy use efficiencies (PARM 

12). Technological progress in coal mining is slower and resources some­

what lower (PARMs 60 and 54-58), both leading to higher cost coal. Biomass 

costs (PARM 2) are also lower and the income elasticity of energy use in 

the developing countries is significantly lower, though insignificantly 

different in other regions. The marginal significance of the E/GNP feed­

back elasticity in developed regions (PARM 4) is somewhat difficult to 

explain since its importance is linked to energy prices. A high (negative) 

value as indicated in Figure 11a would tend to reduce emissions if energy 

prices were rising rapidly.

In those scenarios that increase from 1975 to 2000 and then decline, a 

different set of parameters appears to be important. End-use energy effi­

ciency (PARM 12) is important again but labor productivity is not. Addi­

tional parameters which are significantly different are the price demand 

elasticity (PARM 11), the gas and shale oil supply price elasticities 

(PARMs 53 and 67) and the nonfuel cost of synfuels (PARM 77). This 

suggests that the ability to expand production to make up for declining 

high grade oil resources is critical. Many of the scenarios in Figure 10a 

show a recovery in emissions after 2025. This is consistent with diffi­

culty in bringing on sufficient capacity in other carbon fuels. While not 

significantly different at the .05 level, nuclear costs (PARMs 73 & 74) 

tencj to be low in the sample.

The scenarios showing peaks in 2025 are characterized by high labor 

productivity in developing regions (PARM 32), low oil resources in the OECD 

(PARM 34-38), expensive coal (PARM 59, 60), and rapid technological
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progress in nuclear (PARM 74) but high environmental costs associated with 

nuclear. The E/GNP feedback elasticity in the developing regions is also 

important. The relatively high cost of coal is not surprising. The 

apparently conflicting signals on nuclear energy would seem to result from 

the particular model formulation. The environmental costs are specified as 

an add-on cost gradually phased in while technological progress is an 

exponential growth factor. The particulars of the data and model formula­

tion would probably tend to produce a peaking (or at least a rapid rise 

followed by a slower rise) of nuclear prices with the combination suggested 

by Figure 8c. There is not an obvious reason for high labor productivity 

growth in the developing regions to be associated with a peaking in 2025. 

This apparent correlation may be coincidental.

Finally, those scenarios which peak in 2050 show high labor productiv­

ity growth but also show low shale oil resources (PARM 63-66) and high 

nuclear resources (PARM 70-72) as well as high cost coal supply (PARM 59, 

60). This pattern of resource constraints and rapid economic growth 

causing an emissions peak is consistent with the simple emissions peak 

models. However, conventional defined "resource" factors do not neces­

sarily come into play. In setting up the data, the lower end of the dis­

tributions for higher grade shale resources are set at or near zero to 

include the uncertainty surrounding the technology as well as the 

resources. That is, there is uncertainty about how much 50 gal/ton shale 

exists but also whether the 50 gal/ton shale can be produced at $20, $50, 

or $200/barrel. Thus, the fact that the shale resources PARM plays a role 

should probably be interpreted as indicating that very little of the 

resource is producible under most prices rather than that known shale 

resources are being exhausted.
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The significance of different factors should also be considered in 

light of the still wide range of scenarios left in the subsampies. In 

particular, the subsample showing peaks in 2050 could probably be grouped 

further to show clearer trends. For example, many of the very low sce­

narios may be more similar to the group of scenarios which shows decline 

from 1975 (e.g., low productivity growth, slow technological change in 

fossil fuel production), while the high scenarios may peak due to exhaus­

tion of high grade coal resources even though for the full subsample of 

2050 peaking scenarios, coal resources are not significantly higher.

Importance of Input Assumptions

The relationships between model predictions and parameters can be 

analyzed by regression based techniques. The importance of a particular 

parameter is a function of its sensitivity, variance and interactions with 

other model parameters. Thus, the Monte Carlo analysis reflects a 

combination of model and data characteristics while a sensitivity analysis 

reflects only the model characteristics since changes in parameter values 

are small and equal.

Parameters explaining uncertainty in carbon emissions. Figure 12 

shows the four parameters which explain a significant portion of the 

variability in carbon emissions in the 400 scenarios; they are labor 

productivity in developed regions and in developing regions, exogenous 

energy efficiency, and the income elasticity of demand for energy in 

developing regions. The figure is based on log transformed data since it 

provided a better fit (as indicated by the R^). Ranking of variables 

remained unchanged among the most important variables between the
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Figure 12. Important Parameters in Uncertainty Analysis.
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nontransforaed and log transformed data. The main conclusion that can be 

drawn from Figure 12 is that a significant reduction in the spread of the 

output would require additional resolution in some or all of these four 

variables, particularly labor productivity.

Beyond this summary conclusion, it is useful to examine the results in 

detail since they provide additional insights into the model. Table 1A 

contrasts the ranking of parameters in the sensitivity and uncertainty 

analysis. These results are based on the data output from the uncorrelated 

case since the correlations among parameters introduces obvious bias in 

estimates.

Examination of the relative partial sums of squares in the Monte Carlo 

ranking shows the fairly clear dominance of the four parameters graphed in 

Figure 12. For the most part, the parameters break down into 3 groups: 

the four important parameters; four (five) additional parameters which rank 

among the top 10, including biomass cost, environmental cost of coal in 

developing countries, Income elasticity in the OECD, the aggregate price 

elasticity of demand, and technological change in coal production (which 

ranks in all years but 2000); and the remaining set of parameters which 

never rank or rank only for a year or two.

The sensitivity ranking shows somewhat different results; the top 

group of parameters in terms of sensitivity consists of only two, the 

income elasticity and labor productivity growth, both in the developing 

countries. These are followed by a second group of parameters which tend 

to exhibit relative partial sums of squares from .05 to .15. These include 

labor productivity in developed countries, exogenous energy efficiency, 

population parameters and the income elasticity in the OECD.
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TABLE 14. COMPARISON OF PARAMETER RANKINGS, MONTE CARLO (UNCERTAINTY 
RANK) VERSUS SENSITIVITY ANALYSIS (1% VARIABILITY RANK)

(Relative Contribution to the Variability of Model Predictions)

Year 2000 Year 2025
Uncertainty 1% Variability Uncertainty 1% VariabilityPARM Rank Rank PARM Rank Rank

32 1 (.21) 1 (.19) 32 1 (.27) 2 (.20)12 2 (.17) 5 (.08) 12 2 (.17) 4 (.08)31 3 (.17) 3 (.15) 9 3 (.14) 1 (.31)
9 4 (.07) 2 (.19) 31 4 (.12) 5 (.06)2 5 (.04) 0 11 5 (.02) 8 (.02)

62 6 (.03) 0 62 6 (.02) 12 (.01)7 7 (.02) 4 (.13) 7 7 (.02) 6 (.06)11 8 (.02) 8 (.03) 2 8 (.01) 08 9 (.01) 6 (.04) 60 9 (.01) 0
61 10 (.01) 0 8 10 (.01) 10 (.01)1 0 7 (.04) 14 0 3 (.11)79 0 9 (.02) 26 0 7 (.06)
3 0 10 (.01) 1 0 9 (.02)

O

Year 2050___________ _____ Year 2075

PARM
Uncertainty

Rank
1% Variability 

Rank PARM
Uncertainty

Rank
1% Variability 

Rank
32 1 ( .23) 2 (.23) 32 1 (.20) 2 (.29)12 2 ( .19) 3 (.10) 12 2 (.16) 3 (.10)31 3 ( • 14) 4 (.08) 31 3 (.15) 4 (.06)9 4 ( .12) 1 (.36) 9 4 (.08) 1 (.04)62 5 ( .02) 0 62 5 (.04) 11 (.01)11 6 ( .02) 8 (.02) 60 6 (.02) 07 7 ( .02) 6 (.05) 2 7 (.02) 02 8 ( .01) 0 7 8 (.01) 5 (.04)60 9 ( .01) 0 11 9 (.01) 7 (.02)4 10 ( .01) 0 59 10 (.01) 015 0 5 (.05) 4 11 (.01) 027 0 7 (.04) 16 0 6 (.02)77 0 9 (.01) 77 0 8 (.02)1 0 10 (.01) 28 0 9 (.01)

22 0 10 (.01)
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The biggest difference between the rankings is the disappearance of 

population from the Monte Carlo rankings. This difference is explainable 

as due to the relative narrow distributions for population.

Comparison to Nordhaus and Yohe^ ranking. Nordhaus and Yohe (N-Y) 

conducted a very similar analysis and ranking of parameters. While the 

ranking of parameters tend to be difficult to compare because parameters 

are defined differently, some comparisons can be made. First, labor 

productivity in the developing regions is a clear first in this study, with 

productivity in developed regions third or fourth. N-Y has a single world 

region. Thus, one might expect productivity to rank a clear first. It 

ranks second and two factors appear likely to lead to this result. First, 

this study has a considerably broader distribution on labor productivity. 

(This is discussed in detail in a later section—pp. 64-69.) Second, the 

N-Y model formulation implicitly aggregates labor and energy productivity 

growth in the labor productivity parameter. Energy productivity is similar 

in concept to exogenous efficiency (PARM 12). The impact of combining 

these two concepts in one parameter is equivalent to assuming perfect 

correlation between them. Since greater labor productivity alone would 

tend to increase output and energy demand (and CO2 emissions) while 
improved energy productivity would tend to reduce energy demand (and CO2 
emissions), perfect correlation between these would clearly narrow the 

distribution from the no correlation case.

The oarameter that ranks first in the N-Y study is the price induced 

substitution parameter. Here the model specifications are actually quite 

similar in most regards and in addition the Monte Carlo analysis in this 

study is conducted such that perfect correlation among regional values of
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the parameter is assumed thus making it identical, for Monte Carlo analysis 

purposes, to assuming a single world region. These similarities make it 

surprising that the substitution parameter (PARM 3) does not rank at all in 

any year. The major reason for this result is probably the fact that in 

the IEA/ORAU model four secondary fuels exist (electricity, gases, liquids, 

and solids). In contrast, in the N-Y study there are two fuels, fossil and 

nonfossil. Suppose the price of fossil energy rises in the N-Y model. 

Obviously the ability to substitute to nonfossil energy (as represented by 

elasticity) will significantly affect carbon emissions. If substitution is 

very easy demand will fall greatly for fossil and rise for nonfossil. If 

substitution is difficult a considerably smaller change in fossil use will 

occur. Of course, reductions in output (GNP) will somewhat counter these 

direct effects but it is not surprising that the substitution effects 

significantly outweigh the output effects.

Now suppose the price of a fossil fuel (e.g., coal) increases in the 

IEA/ORAU model. First, this shifts the mix of solids towards biomass 

before the fuel substitutions demand elasticity can have any impact. Next, 

consumers respond by switching to fuels other than solids; i.e., liquids, 

gases, or electricity. But even if end-use consumers switch completely out 

of solids the impact on carbon emissions is indeterminate. They could 

switch to liquids which might be shale oil or coal liquids which would 

increase carbon emissions or might be biomass liquids which would decrease 

emissions. Consumers might also switch to gas but for similar reasons as 

for oil, this switch could increase or decrease emissions. Similarly, 

electricity is generated by both fossil and nonfossil sources. Of course, 

the rise in coal prices would tend to reduce the average emissions ratio
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per unit of electricity but this ratio might still be higher than direct 

use of solids. Thus, since it is likely that the average emissions rate 

for end-use fuels are not that different it is not surprising that whether 

fuel substitutability is easy or not makes little difference.

Presumably it would make a difference in our model if all fossil fuel 

prices were strongly correlated and if all nonfossil fuel prices were 

strongly correlated but fossil and nonfossil were uncorrelated. This would 

essentially be the N-Y assumption of two fuels. If fossil fuel was the 

paradigmatic exhaustible fuel and nonfossil the inexhaustible fuel, this 

might lead to the necessary set of correlations. The IEA/ORAU model, by 

including exhaustion explicitly, provides a test of the importance of 

exhaustion in generating such correlation and, as is obvious by the 

findings, the test is negative.

The conclusion is that the N-Y finding of the importance of the 

substitution parameter is clearly a finding idiosyncratic to the insuf­

ficiently general model structure; i.e., the model enforces an implicit 

assumption of perfect correlation among fossil fuels and among nonfossil 

fuels thus any change in relative prices necessarily induces an unrealistic 

choice between a high CO2 emitting fuel and a fuel which emits no CO2.

The other parameter which is important in this study is the income 

elasticity of energy demand in developing countries and less so for other 

regions. The N-Y model does not include a comparable concept. In the 

N-Y production function formulation an income elasticity would be similar 

to a return to scale parameter; by omission, it is implicitly constant at

unity.
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Another relatively important parameter in the N-Y results is the 

labor-energy tradeoff. This is very similar to the IEA/ORAU aggregate 

energy elasticity parameter (PARM 11). While PARM 11 ranks, the relative 

partial sum of squares is fairly small and is clearly less important than 

in the N-Y study. This is probably a result of the relative nature of the 

measures of importance rather than an absolute difference. Since this 

study gives a broader range of uncertainty to labor productivity all other 

parameters become relatively less important. Similarly the income 

elasticity is a significant source of variability in this study but is 

omitted from the N-Y study thus reducing the relative importance of other 

parameters in this study.

Beyond the parameters listed above, the disaggregation of the IEA/ORAU 

model versus the highly aggregated nature of the N-Y model makes 

comparisons impossible given the analyses of results to date. Further 

analysis of this study's set of output data, i.e., computing relative 

partial sum of squares for groups of parameters, could shed additional 

insight on relative rankings. For example, the relative partial sum of 

squares could be computed for the group of all parameters connected with 

fossil resources, non-resource cost factors or nonfossil fuel prices, thus 

providing groups similar to the aggregate concepts in the N-Y study.

The importance of parameters for outputs other than emissions. The 

importance of input assumptions depends on the output value of interest. 

Figures 13-15 graph the parameters which are important contributors to 

uncertainty in global primary energy, the world oil price, and final GNP. 

The same four parameters important in CO2 emissions are important in global
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primary energy. Not surprisingly, only the two labor productivity 

parameters explain significant variability in final GNP. The GNP feedback 

elasticity could be expected to have a direct effect with all other 

parameters affecting GNP indirectly through their impact on energy prices 

via the feedback elasticity. But the elasticity effect is relatively small 

reflecting the consensus that energy prices do not have a large impact on 

GNP. The graph for world oil prices shows some differences as well. The 

interfuel substitution parameter is very important in the year 2000 but 

declines in importance over time.

Model nonlinearities and values. The value gives the proportion 

of total variance explained by the regression equation. Since all 

parameters leading to variation in output are included in the regression 

equation, the deviation of the from 1.00 is an indication of the 

importance of nonlinearities in the model. The validity of the rankings 

derived from the regression analysis is also dependent on the R^ being near 

1.00. To the extent that a parameter affects the output variable in a 

nonlinear fashion, its importance will not show up in the relative partial 

sum of squares rankings.

Table 15 gives the R^ value for each year for both the log transformed 

and nontransformed data. As noted previously, the log transformed data 

give a higher R^, thus the model is more nearly log linear than linear in 

C02 emissions. However, even in the log linear specification 15 to 25 

percent of the total variability remains unexplained when all parameters 

contributing to variability are included. Thus, there are significant 

nonlinearities in the model and the possibility exists that the ranking of
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parameters would be affected If some act in a particularly nonlinear 

fashion on carbon emissions. On the other hand, the fact that rankings did 

not change much when moving from the linear to log-linear specification is 

reassuring. In addition, the big gap in relative partial sums of squares 

between the top four parameters and the next group makes it unlikely that 

an unranked parameter could move in to the top group of parameters.

The last two columns of Table 15 indicate the for the sensitivity 

analysis data. Given the relatively small variation in parameters (2 

percent) nonlinearities are expected to be less important (i.e., a linear 

function can provide a relatively good fit over a short portion of a curved 

surface). This expectation is borne out by the results.

TABLE 15. R2 VALUES IN THE REGRESSION EQUATION WITH 
C02 EMISSIONS AS THE DEPENDENT VARIABLE

______Monte Carlo_______ ______ Sensitivity
Year Linear Log Linear Linear Log Linear

2000 .80 .83 .90 .90
2025 .68 .85 .96 .97
2050 .61 .84 .98 .98
2075 .55 .75 .98 .98

Table 16 reports the R2 value for primary energy, final GNP, and the

oil prices for the linear and log transformed data. The R2 value for these

outputs are very similar to those for CO2 emissions and similar conclusions

can be drawn
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TABLE 16. R2 VALUE FOR PRIMARY ENERGY, OIL PRICE, AND GNP

Primary Energy Oil Price GNP
Year Linear Log Linear Linear Log Linear Linear Log Linear

2000 .87 .92 .89 .90 .98 .99
2025 .69 .89 .66 .80 .89 .94
2050 .59 .87 .52 .75 .77 .90
2075 .45 .86 .37 .77 .65 .87

Regression analysis of additional output variables. Table 17 provides 

a sketch of the ranking of variables important in explaining variability in 

output for other model outputs (VALs). It also provides the for each 

regression. Rather than go through these results in detail, only a few 

remarks will be made. It is of interest, though probably not surprising, 

that labor productivity (PARMs 31 and 32) rank for nearly all outputs and 

FARM 32 frequently ranks 1 or 2. Another noticeable pattern is that PARMs 

32 and 9 (both associated with developing countries) typically rank higher 

than their developed country counterparts (PARMs 31 and 7) and tend to 

increase in importance over time. Also noticeable is the absence of 

resource constraints. While resource constraints in oil and gas definitely 

affect results, apparently existing uncertainties in resource avail­

abilities are not enough to create a significant amount of uncertainty in 

most output measures when compared to other assumptions. However, this 

conclusion must contain a strong caveat given the low r2 for oil and gas 

production.
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TABLE 17. PARMS CONTRIBUTING TO UNCERTAINTY IN MAJOR OUTPUT VARIABLES

(Numbers in Table are PARMs—see 
Appendix C for definition)

OUTPUT (VAL) 1

Gas Price

37 12
38 12
39 12
40 9

Solids Price

42 62
43 62
44 9
45 9

Nuclear Costs

47-50 73

Solar Costs

51-55 75

Electricity Output

57 3
58 3
59 32
60 32

Shale Production

62 68
63 69
64 33
65 32

Biomass Production

67 2
68 2
69 2
70 2

2 __3 4

31 9 32
9 31 32
9 31 32

12 32 31

12 2 61
60 9 12
32 12 60
32 12 60

74

31 12 32
32 12 9
12 9 31
12 9 31

3 9 33
33 68 7
32 3 8
33 9 65

62 32 9
32 62 9
32 9 12
32 9 12

5 6 R2

7 53 .85
53 11 .79
11 10 .77
10 11 .77

60 3 .63
32 61 .63
62 11 .68
11 62 .72

.95-.

.91

10 9 .89
31 10 .78
3 10 .79
3 11 .80

- - .32
28 - .35
68 11 .36
69 12 .60

3 61 .90
60 12 .86
60 62 .83
31 60 .83
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TABLE 17. PARMS CONTRIBUTING TO UNCERTAINTY IN MAJOR OUTPUT VARIABLES
(Continued)

(Numbers in Table are PARMs—see 
Appendix C for definition)

OUTPUT (VAL)

Oil Production

__1_ __2

(excluding Shale)

__3 4 __5 __6 R2

72 3 32 12 31 9 7 .92
73 32 12 9 3 31 11 .8874 12 73 11 4 31 79 .20
75 9 32 3 11 33 73 .43

Gas Production

77 31 12 32 9 7 11 .89
78 31 32 12 9 7 11 .8679 32 12 9 31 53 7 .51
80 11 53 27 6 76 69 .26

Coal Production

82 62 2
83 32 62
84 32 12
85 32 12

Nuclear Production

87 73 3
88 73 10
89 73 10
90 73 12

Solar Production

92 10 75
93 10 75
94 10 75
95 10 75

32 12 31 61
2 12 31 9

62 31 9 2
62 31 9 2

10 12 31 79
12 3 9 74
12 9 74 32
9 32 74 10

3 11 7 1
9 32 31 11
9 32 31 12
9 32 12 31

.46

.64

.68

.68

.74

.74

.73

.74

.92

.77

.78

.77

The top six PARMs are reported in all cases except where the relative 
partial sura of squares is less than .01.

All rankings are based on log transformed data.
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Not surprisingly, parameters which are fairly obviously connected to 

individual outputs appear important; e.g., solar cost (FARM 75) and solar 

production, nuclear costs (PARMs 73, 74) and nuclear production, biomass 

cost (FARM 2) and biomass production. In general, there are no unexplain­

able results in Table 17, confirming that the model reacts as one would 

expect.

Analysis of Energy Results

The IEA/ORAU model is relatively detailed, yielding numerous results 

incidental to the projection of carbon emissions. This section briefly 

reports characteristics of distributions of selected outputs. Additional 

detail and characteristics of other outputs are contained in Appendix D.

Aggregate energy. Figure 16a shows the 5th, 50th, and 95th percentile 

values for global primary energy consumption. The median case shows a 1.7 

percent per year increase from 1975 to 2075 but the 90 percent confidence 

limits are fairly broad. It is worth noting that even the 95th percentile 

value (which represents an average growth of 3.7 percent per year through 

2075) is considerably slower than the 4.5 percent per year increase in 

energy consumption over the period 1955 to 1975 and is only slightly faster 

than the 3.3 percent per year increase for the 56 years between 1925 and 

1981. In fact, the projections suggest only a 10 percent probability that 

energy use over the next 100 years will grow as rapidly as it did over the 

past 55 years. The median growth value represents just slightly more rapid 

growth than the 1.5 per year growth registered between 1973 and 1981.

Energy prices. Figure 16b gives 5th, 50th, and 95th percentile values 

for world oil prices. The distribution is somewhat surprising in that
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there is very little spread until after 2025 and the 95th percentile for 

2000 is well below the peak in oil prices in 1980. This seems clearly at 

odds with conventional wisdom. Even with the current (1984-85) oil glut 

and significant declines in prices, both in nominal and real terms, since 

1980, the conventional wisdom can probably be characterized as holding that 

moderate rises in oil prices could be expected by 2000 ($40-$50 per barrel 

oil, 1985 dollars) with a significant chance that tightening markets could 

make possible larger increases if combined with political disruption in the 

Middle East or allow OPEC to assert oligopolistic control over prices.

Such scenarios are dependent on limited foresight, inability to substitute 

away from oil in the short terra, and possibly panic buying to build up 

stocks. While we have included a fairly high probability of small amounts 

of high grade resources in the Middle East to represent the possibility of 

using market power to make known oil available only at higher cost, the 

model does not distinguish short- and long-term demand elasticities. 

Moreover, the model includes no mechanism to represent a supply disruption 

and rising prices which temporarily increase demand (due to stock building) 

thereby feeding a price spiral, as buyers panic on expectations that 

supplies may be cut even further.

It is probably the case that the distribution of prices for 2000 

under-represents uncertainty, suggesting too little probability of high oil 

prices. However, the projections suggest that, based on long-term factors, 

such increases would be hard to maintain. Thus, the results should 

probably affect expectations. Further, in thinking about a reasonable set 

of expectations one needs to consider the probability of disruption 

scenario over, for example, the next 25 years and how long a price run-up
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can be maintained in the face of long-term factors suggesting lower prices; 

e.g., a 50 percent chance of a major disruption within the next 25 years 

leading to a tripling of prices, with high prices maintained for 2 years, 

translates into only a 4 percent chance that prices would be triple their 

current value in any one year. Varying the probabilities can give 

different results, but the point of the example is to show that even a 

relatively high probability of disruption can translate into a relatively 

small effect on price projections for a given year.

More basic issues remain unexamined in the effort as they do in most 

projections and analyses. In particular, the psychology of producers and 

consumers changing supply and demand conditions and prices. Panic buying, 

stock building under high prices, desires for stability, cooperative and 

competitive behavior among producers, are observed but currently not 

explained in ways which can be introduced easily into predictive models.

Beyond 2025 the distribution broadens rapidly. This is apparently due 

to the exhaustion of most high grade conventional oil and uncertainty con­

cerning the price at which alternative fuels could be available. If coal 

and biomass conversion processes are inefficient and require larger capital 

investment and coal and shale oil are expensive due to environmental and 

technological considerations, tremendous pressure on oil prices could 

exist. On the other hand, if oil demand is low or other liquids are 

available at low cost, prices rise only modestly from current levels.

It is also interesting to note the significant impact the correlated 

Inputs case has on the 95th percentile. The specific assumption with the 

most direct impact on prices is the correlation between labor productivity
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growth and technological progress in production and use of energy. Thus, 

in high GNP cases, demand is lower due to efficiency improvements in energy 

use and supply is higher due to technological improvements in production. 

These combined effects have an priori indeterminate impact on fuel 

consumption but have a clear negative impact on prices.

Fuel production. Figure 17 shows the 5th, 50th, and 95th percentile 

values for oil (excluding shale oil), gas, coal, nuclear, solar electric, 

biomass, and shale oil production. Conventional oil and gas production 

both show a tendency to peak and decline. Again, care must be used in 

interpreting the percentile plots; i.e., it is unlikely that any of the 

scenarios show as much cumulative production as represented by the area 

under the 95th percentile plot. Instead it probably represents the highest 

points of high scenarios which peak in different years. Also, note that 

data for oil resources include significant amounts of resources above 

$70/barrel (1985 U.S. dollars) or $7 gigajoule (1975 U.S. dollars) 

including such resources as tar sands, heavy oil, oil from deep oceans and 

polar regions, etc. Since oil prices go above $7/GJ in only 25 to 30 

percent of the scenarios these resources are not exploited in many cases. 

Gas resources are treated similarly and high cost gas is potentially a huge 

resource but gas prices do not rise even as high as oil prices and 

therefore the existence of these huge gas resources does not prevent a 

peaking tendency in gas production.

Among the remaining fuels there are very similar patterns. There are 

a few very high scenarios but 50 percentile values are relatively low.

This represents significant variability in projected fuel consumption.

This variability is also reflected in the coefficient of variation shown in
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The solid line is the zero correlation case 

The dashed line is the nonzero correlation case
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Table 18 for 2075. It is interesting to observe that the tendency toward 

exhaustion of oil and gas leads to relatively lower variability for these 

fuels compared to primary energy and to other fuels. Not surprisingly the 

fuels not currently in wide use—shale oil and solar electricity—show the 

greatest variability.

TABLE 18. VARIABILITY OF PROJECTED OUTPUTS IN 2075 

(coefficient of variation)

Output Value

Primary Energy 
Conventional Oil 
Gas 
Coal
Shale Oil 
Nuclear 
Solar 
Biomass

Zero Correlation Case

184.9
68.2

101.6
148.7
709.2
360.9
416.2
127.8

Nonzero Correlation

142.4
85.2
86.9
188.3
912.0 
266.6 
452.7
140.4

Among the fuels, the results for shale oil are somewhat puzzling. 

Whereas other fuels have some scenarios where several hundred exajoules are 

produced, the 95th percentile for shale oil is less than 30 exajoules.

This seems unreasonably low. This result appears to be related to the way 

production startup is handled in the model. As is discussed in Appendix B, 

energy production has two constraints on production, the resource base and 

short-term capacity expansion constraints. For shale oil the resource base 

appears never to be a constraint. Production is constrained solely by the 

short-term capacity expansion mechanism in the model. For fuels with no
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production in period t-1, a relatively low start-up quantity is assumed to 

be produced in year t. For fuels having production in period t-1, produc­

tion in t-1 forms the base production. Thus for oil, gas and coal rela­

tively large base quantities are used relative to total energy energy 

production. But any scenario including shale oil must start from the very 

low production base. This low base combined with the low variability in 

price (very high scenarios are uncommon due to the alternative source of 

abundant liquids, synoil from solids), and supply elasticities, result in a 

relatively tight connection between overall economic activity and shale oil 

production in later years. While difficulty in expanding shale oil 

production may be likely, it would seem that under some proportion of 

scenarios shale oil production could reach 100 or more exajoules. Thus, 

this part of the model/data should probably be examined and reformulated.

CONCLUSIONS

Over the last 15 years researchers have changed greatly both their 

expectations about future levels of CO2 emissions and the way in which they 
conceive of emissions futures. Early studies used time trend analysis to 

generate a single "best guess” scenario and obtained future CO2 emissions 
growth rates of 4.5 percent per year. By 1982 the consensus had shifted. 

Clark (1982) cites more numerous and more sophisticated studies and a 

consensus value of 2 percent. But the mode of analysis remained the same, 

scenario analysis.

In 1983 Nordhaus and Yohe addressed the problem for the National 

Research Council. In their work they broke from the use of scenario 

analysis introducing an alternative methodology which they termed
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"probabilistic scenario analysis." Their approach addressed the 

uncertainty explicitly and quantitatively. A median probability scenario 

replaced the "best guess" scenario which was in turn bracketed by 

confidence intervals. Their analysis put the most likely rate of carbon 

emissions growth at a still lower 1.2 percent per year and constructed 90 

percent confidence bounds on the annual rate of between 0.3 and 2.0 

percent.

This study follows suit by employing quantitative uncertainty anal­

ysis in conjunction with a more detailed model of global energy and CO2 
emissions. The result of our research is to lower still further the median 

growth rate of global CO2 emissions to between 1.0 percent per year (zero 
input cross correlations) and 0.5 percent per year (nonzero input cross 

correlations). At the same time it widens the difference between the 90 

percent confidence intervals to between 3.0 and -1.4 percent per year for 

the zero cross correlated case (somewhat tighter for the correlated case). 

This study therefore indicates that CO2 emissions are likely to grow, but 
that the possibility of a dramatic buildup of atmospheric CO2 from fossil 
fuel emissions is smaller than previously thought. While some of the 400 

scenarios generated were associated with growth rates in CO2 emissions of 
4.5 percent per year or more, such a high growth rate appears highly 

improbable.

The use of Monte Carlo analysis in conjunction with a detailed model 

of the global energy system is extremely important. It leads to very 

different results than "best guess” analysis, even in conjunction with a 

sensitivity analysis. CO2 emissions reach 21 gigatonnes per year in 2075 
when median input assumptions are used. In contrast the median rate of CO2
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emissions is 13 gigatonnes (8 in the nonzero cross correlation case) when 

the entire range of input uncertainty is included using Monte Carlo tech­

niques. This extraordinary difference (60 percent in the zero cross corre­

lation case and 160 percent in the nonzero correlation case) argues for the 

value of addressing uncertainty explicitly.

A large number of scenarios were generated in the analysis. Statis­

tical techniques were then applied to reveal more clearly model-data 

relationships over the range of data input uncertainty (as currently 

perceived). The first result worth noting is that model structure is 

extremely important in determining model results. The extraordinary 

difference between model inputs evaluated at median input values and the 

median of model outputs for CO2 emissions makes the point eloquently. 
Furthermore, the striking difference in results between cross correlated 

and uncorrelated input assumptions leads us to conclude that results can be 

highly dependent on the model's exact form. Changing the model input 

relationships is equivalent to altering the model. Where major inputs (as 

measured by sensitivity and uncertainty analysis) are concerned, 

respecification can have a powerful influence on results.

Second, in addition to model structure, three variables play dominant 

roles in determining CO2 emissions:
1. Labor Productivity Growth Rate

2. Exogenous Energy Efficiency Growth Rate

3. Income Elasticity of Demand for Aggregate Energy in 
Developing Regions
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Other important factors include:

1. Biomass Costs

2. Environmental Costs of Coal Extraction in Developing Regions

3. Income Elasticity of Demand for Energy in the OECD

4. Aggregate Price Elasticity of Demand for Energy

5. Rate of Technological Improvement of Coal Production

Conspicuously absent from the list is the rate of interfuel substitu­

tion which Nordhaus and Yohe found to be the most important determinant of 

CO2 emissions. Similarly, resource constraints on energy were not signifi­

cant, despite the fact that the model structure explicitly allows that 

possibility. And while approximately one-quarter of all scenarios were 

characterized by a peak in CO2 emissions followed by a decline, preliminary 
analysis indicates that resources played only a minor role in the phenom­

enon. Logistics curve like models are therefore a poor choice to use as a 

reduced form representation of the more complicated energy system 

structure.

The conduct of a Monte Carlo uncertainty analysis in conjunction with 

an analysis of model-data interactions comes at an important point in 

time. Keepin and Wynne (1984) have argued strongly for the need to conduct 

a rigorous analysis of forecasting tools used in the energy field, and the 

need to test the robustness and sensitivity of results. They argue 

strongly for an open and accessible documentation and rigorous peer 

review. This report is a first step in that direction.



NOTES

1. The purpose of this section is to provide a general background against 
which to view the results of our research. Readers interested in an 
extended review of the literature may wish to consult Edmonds and 
Reilly (in press), Keepin et al. (in press), Jarrett and Coates 
(1984a), Rose et al. (1983), Ausubel and Nordhaus (1983), and/or Perry 
(1982) for a more detailed assessment.

2. At first blush these two approaches would seem to come at the problem 
of future CO2 emissions from exactly opposite directions. The 
feasibility study begins with a goal and asks whether or not it can be 
achieved. That is, it begins with a future and works backwards to find 
the assumptions necessary to generate it. The question then is not 
will an event happen but can it happen?

Energy-economic models, and especially the behavioral subset of 
this genre, work out the consequences of assumptions. Their question 
is essentially what will happen as opposed to can an event happen.

But these approaches are not so different as they might appear. 
Both have in common a detailed structural framework of analysis which 
incorporates causal factors such as population, economic growth and 
development, technology, geology, and sociology, in meaningful ways. 
Furthermore, because of the nature of the analytical process, both 
spend most of their efforts working from assumptions to conclusions. 
This is the nature of a behavioral model. But feasibility studies are 
irrelevant outside of context. They need an underpinning of 
constraints to reduce the number of free variables to a manageable 
number. Feasibility studies therefore work within the context of 
assumptions about available technologies to determine whether or not a 
constraint, in this case fossil fuel CO2 emissions, can be met.

3. For example, the models of Perry and Lansberg (1971), and Allen et al. 
(1981) are single pass analyses. They rely on the researcher's ability 
to not only identify the key factors and their influences on global 
energy production and use, but to work out any discrepancies in "gaps" 
between the two via personal judgment or the assumption of a "backstop" 
technology which is capable of accounting for any differences. The 
studies are not computer-based.

In contrast, Nordhaus (1979) uses a computer-based linear 
programming model which requires the specification of a great wealth of 
information about technologies, both those employed and alternative 
options available. The model is computer-based and employs an 
optimization criteria to generate an optimum solution. It is capable 
of being used as both a forecast tool (by using a maximization of 
global GNP and assuming that the global economy behaves "as if" it 
optimized this value) or as a feasibility tool (by placing CO2 
emissions constraints on the outputs).

87
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3. (cont'd)

Haefele (1981) documents a complex set of models including linear 
programming, accounting, and input-output models. The system is resi­
dent on a computer but is extremely complex. The Edmonds-Reilly model 
(1983) is a behavioral market equilibrium model which balances energy 
production and use internally. It is discussed in detail in section 3.

4. These in turn control a total of 649 energy forecast data. See THE 
DATA BASE and Appendix A for elaboration.

5. This recategorization represents the most significant change made to 
the model. The original specification of the model distinguishes three 
different energy supply categories: resource-constrained conventional 
energy (conventional oil and natural gas); resource-constrained 
renewable energy (hydro); and nonconstrained energy resources 
(unconventional oil, coal, biomass, solar electric, and nuclear).

The first category contained only resources producible at 1975 
prices. A time path of production was specified and prices were 
allowed to vary so that demand equaled the fixed supply. As prices 
increased beyond a minimum break-through price, the supply of exhaus­
tible fossil fuels was augmented by unconventional sources of liquids 
and gases.

This approach proved to be somewhat cumbersome in some scenarios. 
Specifically, in very low demand scenarios prices could drop well below 
1975 levels; to maintain consistency the user would have to exogenously 
respecify a lower resource. In addition, the supply of unconventional 
liquids and gases required a base quantity for each period. This base 
quantity was exogenously entered. This approach also required user 
interaction to assure that the producing sector behaved sensibly; i.e., 
that producers adjusted expansion plans for the next period to reflect 
the realized rate of production in the current period.

For a full description of the original model see Edmonds and 
Reilly (1984). The relationship between the original and current model 
versions is documented completely in Appendix B.

6. Conventional statistical analysis of data from which parameters are 
derived is not possible because of a lack of appropriate data. In 
addition, the data that is available is necessarily historical whereas 
the parameters values are assumed to apply in the future. One could, 
for example, statistically analyze the mean and variance of historical 
rates of growth of population for 25 year periods over time or, 
treating countries as individual observations, analyze across countries 
for a single 25 year period. However, not all regions have an adequate 
time series on population and the relevance of any such historical 
analysis to future population growth rates is doubtful.

A second problem is that any description of uncertainty based on 
statistical analysis is premised on the adequacy of the structural 
model and the data set used to make the estimate. In the population 
example above, we described two possible data sets, time series or
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6. (cont’d)

cross sectional data. The two will give different estimates of mean 
and variance, thus exposing structural uncertainty that would not be 
incorporated in a statistical analysis which uses only one of the data 
sets. Similarly, estimates of parameters such as the price elasticity 
of demand are dependent on the specific equation estimated.

One approach for retaining an objective methodology for estimating 
uncertainty in inputs is to use statistical analysis of published esti­
mates. Such an exercise suffers from a couple of severe problems. 
First, published estimates are generally best guess estimates. While a 
sample of best guess estimates can, under appropriate conditions, yield 
an unbiased estimate of the mean of a distribution, it will not yield 
an unbiasd estimate of the variance. A second problem is that dif­
ferent concepts of parameters may exist, some more or less applicable 
to the specific parameterization in the model.

For example, price elasticities may be estimated for primary, 
secondary, or energy service demands (though data is usually not avail­
able for estimation of service demands) and estimates may be based on 
various aggregations of consuming sectors (e.g., the economy as a 
whole, the industrial sector, SIC industrial categories, etc.). Since 
price elasticities are, in principle, specific to the category of 
demand being analyzed, a specific price elasticity estimate may be more 
or less relevant to the parameter assignment in the model. An even 
simpler example is that GNP growth projections from published estimates 
are given for dissimiliar regional aggregations and may be premised on 
considerably different population and labor force growth estimates; 
further, they may or may not include feedback from various assumptions 
about rising energy prices. Some incomparabilities represent legiti­
mate sources of uncertainty in the parameter while others are merely 
artifacts of definitional differences.

As a result of the various problems discussed above, the approach 
chosen for developing the data base of input parameters was to criti­
cally review the literature and assign a subjective, but quantitative, 
description of uncertainty to each parameter. The adequacy of the 
parameterization of uncertainty is dependent on the understanding of 
the "quality" of different published estimates for use in the partic­
ular model structure and Monte Carlo exercise (i.e., "quality" in the 
sense of how comparable the published parameters are to the specific 
model parameterization).

7. Before actually conducting the Monte Carlo exercise several preliminary 
exercises were conducted. First, 158 runs were conducted to test the 
model's robustness. Could the model actually generate results when 
variables took on extreme values? To do this all input parameters were 
specified at their median values? One of the 79 Monte Carlo variables 
was set to its maximum value and to the model run. That variable was 
then set to its minimum value and the model run. Next, the variable 
was then reset to its median value and the variable 2 was fixed at its 
maximum value and the model run. In this way the model was tested for 
robustness at maximum and minimum values for all 79 input assumptions.
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7. (cont'd)

Once it was determined that the model could in fact be success­
fully solved at extreme values for input assumptions, the Monte Carlo 
computer code, PRISM was tested by varying each of the 79 Monte Carlo 
variables _+ 2 percent. This exercise produced quantitative results on 
the responsiveness of the model to small derivations from median input 
values. These were directly comparable to earlier calculations in 
Edmonds et al. (1984) and provided verification of the successful 
linkage of the Edmonds-Reilly model fo PRISM.

Initial attempts to conduct the Monte Carlo analysis resulted in 
an 8 percent rate of failure to reach solution. Failures were analyzed 
and corrective measures taken. About half of the failures to reach 
solution were the consequence of the interaction of extreme assump­
tions. The model was modified to account for such occurrences. The 
other half of the failures were idiosyncratic to the solution hmodel's 
mechanism. That is the model cannot be solved directly. Global energy 
prices consistent with global energy balance are found through a search 
procedure. In some cases the search procedure broke down. To address 
this problem alternative procedures were devised to find solutions in 
the event of breakdowns. These changes and some additional debugging 
of the link between the Monte Carlo code, PRISM, and the model, reduced 
the number of failures to one.

8. For various reasons several subsets of the 79 variables are assumed to 
be perfectly correlated; for example population in the OECD and USSR. 
The extreme assumption of independence between parameters 13 through 18 
would imply the possibility of impossible jumps in population over 25 
year periods. For example cases could have occurred in which 
impossibly rapid population growth emerged because a very low 
population assumption for the year 2050 was followed by a very high 
population assumption for the year 2075 had we not prevented it. This 
possibility was removed by assuming that year 2000, 2025, 2050, 2075, 
and 2100 populations are deterministically linked. If the 75th 
percentile population is chosen for year 2000, it is also chosen for 
years 2025, 2050, 2075, and 2100.

Forty-six Monte Carlo parameters are deterministically linked. 
Linked variables are listed below:

Listing of Linked Monte Carlo Parameters by
Parameter Number and Assumption description

Assumption Description Parameter Numbers
Population (years 1975-2100; OECD & USSR)
Population (years 1975-2100; China)
Conventional Oil Resource (Grades 1-5; OECD & USSR) 
Conventional Oil Resource (Grades 1-5; LDC’s) 
Conventional Oil Resource (Grades 1-5; Mideast) 
Natural Gas Resource (Grades 1-4)
Coal Resource (Grades 1-5)
Unconventional Oil (Grades 1-4)

54,55,56,57,58
63,64,65,66

34,35,36,37,38
39,40,41,42,43
44,45,46,47,48
49,50,51,52

13,14,15,16,17,18
15,26,27,28,29,30
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