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Figure 9.8 |  Observed and simulated time series of the anomalies in annual and global mean surface temperature. All anomalies are differences from the 1961–1990 time-mean 
of each individual time series. The reference period 1961–1990 is indicated by yellow shading; vertical dashed grey lines represent times of major volcanic eruptions. (a) Single 
simulations for CMIP5 models (thin lines); multi-model mean (thick red line); different observations (thick black lines). Observational data (see Chapter 2) are Hadley Centre/Climatic 
Research Unit gridded surface temperature data set 4 (HadCRUT4; Morice et al., 2012), Goddard Institute for Space Studies Surface Temperature Analysis (GISTEMP; Hansen et 
al., 2010) and Merged Land–Ocean Surface Temperature Analysis (MLOST; Vose et al., 2012) and are merged surface temperature (2 m height over land and surface temperature 
over the ocean). All model results have been sub-sampled using the HadCRUT4 observational data mask (see Chapter 10). Following the CMIP5 protocol (Taylor et al., 2012b), all 
simulations use specified historical forcings up to and including 2005 and use RCP4.5 after 2005 (see Figure 10.1 and note different reference period used there; results will differ 
slightly when using alternative RCP scenarios for the post-2005 period). (a) Inset: the global mean surface temperature for the reference period 1961–1990, for each individual 
model (colours), the CMIP5 multi-model mean (thick red), and the observations (thick black: Jones et al., 1999). (Bottom) Single simulations from available EMIC simulations (thin 
lines), from Eby et al. (2013). Observational data are the same as in (a). All EMIC simulations ended in 2005 and use the CMIP5 historical forcing scenario. (b) Inset: Same as in (a) 
but for the EMICs.

results demonstrate a level of consistency between the EMICs with both 
the observations and the CMIP5 ensemble. 

In summary, there is very high confidence that models reproduce the 
general features of the global-scale annual mean surface temperature 

increase over the historical period, including the more rapid warming 
in the second half of the 20th century, and the cooling immediately 
following large volcanic eruptions. The disagreement apparent over the 
most recent 10 to 15 years is discussed in detail in Box 9.2. 
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Figure 9.8 |  Observed and simulated time series of the anomalies in annual and global mean surface temperature. All anomalies are differences from the 1961–1990 time-mean 
of each individual time series. The reference period 1961–1990 is indicated by yellow shading; vertical dashed grey lines represent times of major volcanic eruptions. (a) Single 
simulations for CMIP5 models (thin lines); multi-model mean (thick red line); different observations (thick black lines). Observational data (see Chapter 2) are Hadley Centre/Climatic 
Research Unit gridded surface temperature data set 4 (HadCRUT4; Morice et al., 2012), Goddard Institute for Space Studies Surface Temperature Analysis (GISTEMP; Hansen et 
al., 2010) and Merged Land–Ocean Surface Temperature Analysis (MLOST; Vose et al., 2012) and are merged surface temperature (2 m height over land and surface temperature 
over the ocean). All model results have been sub-sampled using the HadCRUT4 observational data mask (see Chapter 10). Following the CMIP5 protocol (Taylor et al., 2012b), all 
simulations use specified historical forcings up to and including 2005 and use RCP4.5 after 2005 (see Figure 10.1 and note different reference period used there; results will differ 
slightly when using alternative RCP scenarios for the post-2005 period). (a) Inset: the global mean surface temperature for the reference period 1961–1990, for each individual 
model (colours), the CMIP5 multi-model mean (thick red), and the observations (thick black: Jones et al., 1999). (Bottom) Single simulations from available EMIC simulations (thin 
lines), from Eby et al. (2013). Observational data are the same as in (a). All EMIC simulations ended in 2005 and use the CMIP5 historical forcing scenario. (b) Inset: Same as in (a) 
but for the EMICs.
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Evaluation of
Climate Models

Integrated Assessment Models

evaluation =
an open-ended process of testing 
and improving IAMs’ usefulness as 
scientific tools for informing policy

behavioural validity =
model outputs are consistent with 
observational data

structural validity =
model is an accurate representation 
of the system response being 
modelled
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4.3. How well are we capturing variability across states?

In this section we focus on comparing residential sector pro-
jections at the state level. We focus on 2005 for which we have both
reported fuel-consumption at the state level state-level as well as
service-level estimates developed for GCAM calibration. Energy
consumption by service from RECS is only available for major
geographical regions, e.g., New England, West North Central, Pa-
cific, etc. as well as for the four most populous states- New York,
Florida, Texas, and California. State-level estimates for 1990 and
2005 were originally created for purposes of GCAM model cali-
bration by downscaling the regional RECS data to the state level on
the basis of population, GDP, state-level fuel consumption, and

population weighted heating and cooling degree-days. We are,
therefore, comparing a model projection with state-level estimates
that, in many cases, are produced using the same assumptions as
used for the modeling. This is unavoidable, but may overestimate
the level of agreement.

As was the case with national level results, the projection for
2005 tends to underestimate electricity consumption and over-
estimate gas consumption (Fig. 7). The electricity consumption
underestimate is fairly consistent across states, with the projection
showing an overestimate of larger than 5% for only three states. The
largest absolute underestimate for electricity is for states that also
have high electricity consumption: California, Florida, and Texas.
These are also states with a high number of cooling degree days.

Fig. 4. Historical and projected final energy by fuel for residential sector.

Fig. 5. Heating and cooling energy per unit floorspace (FS) normalized for degree days.

V. Chaturvedi et al. / Energy 61 (2013) 479e490 485

model

actual

Chaturvedi et al. (2013). Energy 61: 479-490.
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Creutzig et al. (2017). Nature Energy 2: 17140.
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der Sluijs et al., 2001) (see Table 1). Below, we
elaborate on the key-issues, evaluate whether
and how they are incorporated in the SRES
models and discuss their relevance for global
energy models.

(a) Developments in the energy system

(i) Transition from traditional to commercial
fuels

Traditional biomass, such as fuel wood,
dung, agricultural waste, crop residues and
charcoal constitute a major source of energy
in the developing world. In 2000, 52% of the to-
tal population of developing countries relied on
traditional biomass as the main source of en-
ergy for cooking and heating (IEA, 2002). Tra-
ditional biomass combustion causes indoor air
pollution which triggers various adverse health
effects and an estimated 1.6 million deaths per
year (WHO, 2006). Issues related to fuel wood
are limited availability and impact on defores-
tation (Arnold, Kohlin, & Persson, 2006).

Data and stylized facts. Official statistics on
fuel wood include only production, not con-
sumption (FAO, 2005) (but they can easily be
considered equal). Unfortunately, however,
the reliability of statistics on this topic can be
questioned, as most fuel wood is gathered from
woodlands and never accounted for in statis-
tics. Another data problem concerning tradi-
tional fuel is that global statistic databases
account only for fuel wood, not for other forms
of traditional biomass; dung, agricultural waste
and crop residues are only taken into account
by survey studies (FAO, 2005; Xiaohua &
Zhenmin, 2005).

Given these caveats, the available data show
a generally decreasing trend in fuel wood pro-
duction per capita with increasing income levels
in all world regions and several Asian countries
(Figures 5 and 6, left graphs). Sub-Saharan
Africa also shows a decline in per capita fuel
wood production in time, although it faced a
decreasing GDP/capita (PPP) in the described
period, indicating the relevance of other drivers
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Figure 5. Left: Fuel wood production per capita versus GDP/capita (PPP) for several developing world regions, data
from 1975 to 2000. Right: Absolute annual fuel wood production for several developing world regions. Data from FAO

(2005) and World Bank, 2004.
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Figure 6. left: Fuel wood production per capita versus GDP/capita (PPP) for several Asian countries for the period
1975–2000. Right: Absolute annual fuel wood production for several Asian countries. Data from FAO (2005) and World

Bank, 2004.
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IAM evaluation methods use observational data, 
other models ...

“... it is ironic that as we add more factors to a 
model, the certainty of its predictions may 
decrease even as our intuitive faith in the model 
increases.”
Oreskes (2003). The Role of Quantitative Models in Science. In: Models in 
Ecosystem Science. Canham et al. (eds). Princeton University Press.
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Model inter-comparison projects (MIPs)

including … Diagnostic indicators
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IAM evaluation methods use observational data, 
other models, and internal checks

Model inter-comparison projects (MIPs)

Sensitivity analysis

Model documentation & review

enabled by …

including … Diagnostic indicators



Historical simulations

Near-term observations

Generalisable historical patterns

Hierarchy of models

1980 1990 2000 2010 2020

IAM EVALUATION METHODS

KEY

less more

1970

IAM evaluation methods have been applied with 
varying ‘intensity’ both historically and currently

Model inter-comparison projects (MIPs)

Sensitivity analysis

Model documentation & review

enabled by …

including … Diagnostic indicators
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IAM evaluation methods have different and 
complementary strengths as well as limitations

Model inter-comparison projects (MIPs)

Sensitivity analysis

Model documentation & review

enabled by …

based on 
observations of how 
the real world works

internal to the 
modelled world

including … Diagnostic indicators
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IAM evaluation methods have different and 
complementary strengths as well as limitations

Model inter-comparison projects (MIPs)

Sensitivity analysis

Model documentation & review

enabled by …

opens up evaluation 
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tacit learning within 
modelling teams

opens up evaluation 
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including … Diagnostic indicators
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Evaluation is essential for strengthening the 
interpretability, credibility and relevance of IAMs

Model inter-comparison projects (MIPs)

Sensitivity analysis

Model documentation & review

enabled by …

Wilson et al. (2017). Evaluating Process-Based Integrated Assessment Models of Climate Change Mitigation.
IIASA Working Papers. Laxenburg, Austria, International Institute for Applied Systems Analysis (IIASA).

concerted: from single to multiple 
methods in combination

systematic: from ad hoc to synthesis,
protocols, reporting

visible: 
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Table 2. IAM evaluation criteria and methods.
Correspondence between criteria and methods is subjectively labelled as strong 

(✓), partial (~), or weak/none (✘) based on evidence presented in the text.
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appropriateness	 is	model	purpose	and	design	consistent	
with	research	question?	 ü	 ~	 ü	 ü	 û	 ü	 û	

interpretability	 are	model	results	interpretable	in	light	of	
model	structure	&	parameters?	 ~	 û	 ~	 ü	 ü	 ü	 ü	

credibility	 is	model	perceived	to	be	good	enough	for	
its	intended	purpose	by	users?	 ü ~	 ü	 ~	 ü	 ~	 ~	

relevance	 do	model	insights	advance	understanding	
of	policy	options	&	challenges?	 û	 ~	 û	 ~	 ü	 û	 ü	

	


