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1. Introduction, issues and objectives
The goal of a baseline scenario in global Computable General Equilibrium
(CGE) modelling is to properly “reshape” the state of the initial data year to a
potential future situation in the medium- to long-run. In this paper, we will
consider macroeconomic drivers, understood as the relative economic shape of
countries – measured by Gross Domestic Product (GDP) – and the accumulation
of factors – namely, labor, capital, natural resources and land. Our definition
voluntarily excludes the allocation of economic activity between sectors and the
efficiency in the use of primary factors, because these issues are covered in
Chateau et al. (2020) of this same special issue of the Journal of Global Economic
Analysis. Similarly, we will not consider demand-side trajectories, covered in Ho
et al. (2020) also in this special issue.
The relative size of each economy in the baseline may impact substantially the
results of any policy simulation. This will imply potential higher market
penetration for products from a bigger country. More importantly, a change in the
sign of trade balance in the baseline might change the sign of simulated policy
outcomes. Similarly, any climate change mitigation must depend on economic
activity too, and any absolute emission reduction such as many of the Nationally
Determined Contributions of the Paris Agreement will be harder to achieve if the
economy grows faster, leading to higher carbon pricing.
In addition, baseline exercises aim to address the uncertainty around the future.
By exploring the continuation of current trends, or instead, by considering
alternative scenarios, they allow us to identify policies that might have a positive
outcome given our expectation of the future, or discover unexpected requirements
for a policy to succeed.
Fortunately, in the past few years, there has been a tremendous effort to
increase the documentation, standardization and availability of such dynamic
trajectories, and especially the Shared Socioeconomic Pathways (SSP) discussed in
this paper. For the purpose of this paper, we reviewed 24 dynamic CGE models
(see Dellink et al., 2020) that participated in the GTAP-OECD workshop “Shaping
long-term baselines with CGE models”, held in Paris in January 2018, and their
key features on macroeconomic baselines. This paper will go through all these
features. They are summarized in Appendix Table A1 regarding sources for GDP
and population trajectories, and in Appendix Table A2 regarding assumptions on
factor accumulation.
The review reveals that the practices differ between the different teams, and
there is not always a straightforward best-practice that can be identified.
Furthermore, the description of the macroeconomic baseline, and in particular
factor accumulation, is not always very detailed in the model’s documentation,
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and to the best of our knowledge has not yet obtained the critical review it
deserves.
Therefore, the objectives of this paper are twofold. First, we attempt to
extensively document all the issues around macroeconomic baselines and point
out the different alternatives set up by the different modelling teams. Second, we
try to analyze these methodologies critically and propose recommendations, both
technical – What are the best practices in the implementation of macroeconomic
baselines? What is achievable at a low cost? – and in terms of research agenda –
What are the current bottlenecks? Which direction could be prioritized to foster
better baselines in the future?
To do so, given the wide coverage of our scope, we have chosen a thematic
organization, where we will first focus on primary factor inputs (Section 2). Section
3 will cover the way aggregate productivity is introduced in CGE models with a
particular focus on GDP trajectories, while Section 4 will try to summarize key
recommendations and potential directions for future research.
2. Factor inputs in baselines
Contrary to GDP projections, which are rather well documented and
standardized in the reviewed models (see Section 3), the accumulation of primary
factors in the baseline is not well documented and differs extensively due to the
various objectives of the different teams. Nevertheless, the baseline trajectories for
these factors are key for two reasons. First, some of them (demographics, capital
accumulation, and education) are directly linked to GDP trajectories as they are
among the main drivers of GDP growth at the national level. Second, the
assumptions on factor accumulation across time shape the specialization patterns
of the different regions in the world. Although we do not cover especially this
specialization issue in this paper (see Chateau et al., 2020 for more detailed
information), we want to stress that the capital intensity, skill-intensity, and land
availability impact significantly the relative comparative advantages of the
different regions. For instance, an increase in the supply of skilled labor in one
country will imply a drop in its price, hence increasing competitiveness in skillintensive sectors compared to other countries. In the remainder of this section, we
will consider the different factors present in the GTAP Data Base (Aguiar et al.,
2019) one by one (labor, capital, land, natural resources). A full review of the
different approaches in the reviewed models is provided in Appendix Table A2.
2.1 Population, labor and migration
Most of the CGE models reviewed in this paper build their long-term baselines
based on exogenous demographic assumptions. The detailed source for each of
the models reviewed is provided in Appendix Table A1. Broadly speaking,
population growth rates are obtained from exogenous data sources, labor force is
based on working age population and labor supply growth is driven by labor force
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growth. Some models differentiate between labor skills and use exogenous data
on education profiles to target growth of skilled and unskilled workers.
Several papers have documented the potential impacts population projections
could have on dynamic baselines. Fontagné et al. (2015) analyze how the
macroeconomic inputs that influence education, savings behavior and female
participation to the labor force, may affect trade pattern in the medium run. This
paper shows that demographic determinants may influence such trade patterns
more than trade policies themselves.
Tyers and Shi (2007) integrate a demographic model into a dynamic CGE model
to show the importance of demographics on the global economy. Different
demographic assumptions affect economic growth, saving rates, capital
accumulation, land and natural resource rents.
Walmsley et al. (2017) examined the impact of increased migration on the East
and South East Asian economies using a dynamic CGE model that accounts for
international migration flows. The policy scenario allowed for endogenous
migration across countries in response to changes in real wages, which was
contrasted against a baseline where domestic and foreign labor grew at the same
rate.
2.1.1 Data sources
In principle, there is a broad consensus on the use of exogenous demographic
data, which facilitates the comparison between models. However, the differences
between data sources may affect the results. Three main data sources have been
identified: UN Population Division (UN, 2017 and 2019), IIASA SSP (KC and Lutz,
2017) and ILO (ILO, 2017). Table 1 summarizes the characteristics of each source.
ILO projections present the most detailed labor statistics. In contrast to the other
two, it reports data on labor force, employment rates, employment by sectors and
skills. The main drawback is the limited time dimension. While UN Population
Division and IIASA SSP project their variables until 2100, ILO projections report
values until 2030 for population data and until 2022 for employment. Given that
most dynamic CGE baselines extend beyond 2030, the use of the ILO projections
may require additional assumptions. UN Population Division and IIASA SSP do
not report labor force projections. Thus, baselines must be built based on
additional assumptions. In general, labor force growth is equated to the growth of
working age population, usually defined (e.g. at the OECD or World Bank) as
people aged 15 to 64. Alternatively, the EconMap projections (Fouré et al., 2013)
propose a combination of both sources: first, the ILO projection model is extended
to 2100 and complemented with a female participation projection model for each
age group. The corresponding activity rate is then applied to UN or IIASA
projections depending on the scenario. OECD (2019) adopts a similar approach
within its ENV-Growth model, but projects instead employment rates by five-year
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age groups and gender on the basis of an assumption of long-run convergence to
these specific employment rates towards OECD standards.
Table 1. Characteristics of available population projections
Source

Last
year

Frequency

Population

Labor
force

Labor supply
(employment)

yesc
yesd

Population
by age
group
yesc
yesd

EconMap
ENVGrowth
IIASA SSP
ILO
UN
Population
Division

2100
2060

1 year
1 year

yes
yes

no
yes

2100
2030
2100

5 years
1 year
1 year

yes
yesa
yes

yes
yesa
yes

no
yes
no

no
yesb
no

Notes: a Based on UN estimates 2017. b Until 2022. c Based on UN estimates 2015 or IIASA. d Based
on IIASA.
Source: Author construction.

2.1.2 Comparison of demographical projections
Figure 1 shows the estimated world population using the three primary data
sources. We observe differences not only between data sources but also between
versions. The UN Population Division has changed population projections over
time for the medium variant scenario. The UN 2017 and 2019 estimates foresee
higher population growth rates than the UN 2010 estimates. Thus, by 2100, the
2010 version estimated world population to be lower than the 2017 and 2019
version by 1 billion people. There are also differences between the UN Population
Division 2010 medium variant scenario and the IIASA SSP2 scenario, which
represents the middle-of-the-road scenario made available in 2011. According to
these two sources, by 2050, the UN 2010 estimates a population with 600 million
more people than the IIASA SSP2 scenario. The IIASA SSP2 scenario then projects
a decline of global population from 2070 onwards. On the other hand, the UN 2010
estimates that global population steadily grows until 2100. In the medium term
both datasets project similar growth rates of working age population (UN, IIASA)
or labor force (ILO, EconMap). These values are also similar to the labor force
growth rates reported by ILO (Figure 2). In the longer run, large differences may
appear between the different working-age population growth projections, but also
in the potential differences between working-age population and labor force.
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Figure 1. World population projections, 2020-2100 (million)
Source: Author calculations.

As mentioned above, the use of different data sources and/or versions may
have significant effects on the results, and several studies have investigated these
effects. Teams either change or update their labor input projections (Fouré et al.,
2013 or OECD, 2019) or their model considers a demographic component (Tyers
and Shi, 2007 and Walmsley et al., 2017).

Figure 2. 10-year average growth rate of labor force or working-age
population, 2010-2100 (percentage points)
Notes: * These sources only report working-age population. Other sources report
economically active population. ** This source only extends to 2060, hence the third
column corresponds to 2030-2060.
Source: Author calculations.
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The divergence between working-age population and labor force projections in
the long-run strongly suggests that working-age population projections should
not be used as a proxy for labor force, especially when considering longer time
horizons.
Beyond population projections, four models (GDyn, ICES, MIRAGE-e and
ENV-Linkages) allow differentiation of population projections by skill level. In
these models, the growth rate of population is differentiated between educational
level (mostly skilled versus unskilled population), and are taken from external
projections. Although differentiating population growth by skill level is a key
factor in countries baseline specialization (see, e.g. Fontagné et al., 2017), the
differentiation by skill level is subject to a methodological caveat: most of the
literature on skill growth, used to build projections, is based on educational
attainment data, whereas the standard classification in CGE analysis is based on
occupations. In addition, the most recent releases of GTAP data only include few
differences between sectors in skill intensity due to the lack of available data.
Therefore, this is an area where more research is needed in order to be able to
tackle properly skills in baseline exercises, such that (i) education projections can
be consistent with occupation-based data and (ii) build data to feed the GTAP Data
Base that include more heterogeneity in skill intensity between sectors to allow a
proper projection of comparative advantages.
2.2 From savings to capital formation
In CGE models, decisions need to be made with respect to the relationship
between total savings and total investment. These are important assumptions that
can influence the results of the simulation. Dixon and Rimmer (2002) categorize
four camps, which are synthesized in Table 2.
Table 2. Savings and investment closure categories
The
neoclassicals
The
Johansen
school
The
GeneralTheoryKeynesians
The neoKeynesians

Savings
Assumed propensity to
save
Endogenous

Investment
Endogenous

Employment
Full employment (or Fixed)
Full employment (or Fixed)

Endogenous

Assumed
investment
pattern
Endogenous

Endogenous

Endogenous

Source: Dixon and Rimmer (2002)
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The consensus in CGE models is that aggregate savings and investment rates
in the long run at the national level mainly respond to macroeconomic forces like
monetary policy and demographics. These determinants are out of the scope of
CGE models in general (use of a single currency, exogeneity of demographics).
Simple rules have often been used in CGE models. However, these rules have been
too simple in some cases, for instance when assuming that savings equal
investment at the national level, hence neglecting changes in current account
imbalances. This section will go through capital formation, from savings to
investment, and discuss in turn the consequences in terms of current account
balances.
2.2.1 Savings
In the different models reviewed, two main strategies co-exist: the majority of
models consider savings as exogenous, while some others have endogenous
determination of savings.
For instance, in the GTAP models, the regional households allocate their
income according to a Cobb-Douglas (CD) per capita utility function specified
over three sources of utility: private expenditures, government expenditures, and
savings. The CD functional form implies that the average propensity to save is
fixed and savings become a fixed proportion of income in each region.
There is however no consensus yet on how the propensity to save may behave.
While McDougall (2002) determines that the propensity to save is almost constant
and could be considered fixed over time, Fouré et al. (2013) show that the
determinants of savings identified in the macroeconomic literature (for instance
population structure and GDP per capita growth) can lead to substantial changes
in the propensity to save, especially in fast developing countries. For this reason,
in the MIRAGE-e model (Fontagné et al., 2013), the savings rate is also exogenous,
but follows a trajectory coming from the EconMap projections (Fouré et al., 2013).
In the OECD ENV-Growth model determinants of savings are also estimated in a
way similar to Fouré et al. (2013), but using OECD own regressions, where
demographics and past GDP growth determine the level of savings, and together
with investment schedule, current accounts projections are residually determined
by the closure rules. Starting from the premise that saving rates projections are
uncertain, the choice of the OECD CGE model differs from the one of Fontagné et
al. (2013). In the OECD CGE model, investment ratios are calibrated in the
baseline, letting the marginal propensity to save in the utility function to be
endogenous.
In forward-looking models, saving rates are determined by the trade-off
between utility from present consumption and utility from future consumption.
In recursive dynamics, the utility function represents utility from present
consumption and it does not factor in future consumption. Investment adjusts to
meet the level of savings. The alternative of anchoring investment and letting
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savings rate adjust does not seem convenient in a dynamic setting, because it is
less robust theoretically and empirically according to the macroeconomic
literature, which points the causality in the reverse direction (savings determine
investment, while savings are determined by macroeconomic determinants such
as population structure and economic activity).
Models that follow Dervis, de Melo, and Robinson (1982) also specify macro
rules to describe the current account and government fiscal balances. These
additional macro-closure decisions, address components of national savings.
Foreign savings inflows can be exogenous, while the exchange rate is endogenous,
or vice versa. Similarly, government savings can be exogenous by allowing
government spending to be endogenous, or vice versa.
The dynamic extension of the GTAP model, GDyn, first inherited the treatment
of savings from the standard GTAP model. One unwelcome implication is that
rising income over time and fixed propensity to save causes an implausible
accumulation of foreign assets in countries like Japan where saving exceeds
investment. If in addition, a country exhibits high income growth, like in China,
such country would end up owning a large part of the world’s wealth (Golub and
McDougall, 2012). This model behavior is unlike real world observations, where
saving and investment are highly correlated across countries and net foreign
positions are small (Feldstein and Horioka, 1980). Golub and McDougall (2012)
offer an alternative savings specification that has no particular theoretical
foundation, but is motivated by the stylized fact that in the real world, gross
foreign assets and liabilities do not diverge as much as in standard GDyn. Saving
rate in each region is endogenous and a function of the ratio of wealth to income.
Tyers et al. (2005) also modify the fixed propensity to save assumption in GDyn
by introducing endogenous age-gender specific propensities to save, which
depends on real disposable income and the real interest rate. These group-specific
saving rates then determine regional saving rates in each period.
To contrast, in the forward-looking G-Cubed CGE model by McKibbin and
Wilcoxen (1999), household behavior is derived from an intertemporal utility
subject to a lifetime budget constraint. Golub and McDougall (2012) report that in
G-Cubed only a portion of consumption and saving are determined by these
intertemporally optimizing consumers, the rest being determined by after-tax
current income and fixed marginal propensity to save. “Because at least part of the
supply of savings in G-Cubed is determined by the tradeoff between utility from
present consumption and utility from future consumption, current saving is
implausibly sensitive to remote future events.” (Golub and McDougall, 2012).
2.2.2 Foreign savings or current account
This section deals briefly with current accounts, while further details are
provided in Bekkers et al. (2020), which is also in this special issue of JGEA. Models
that assume the identity of savings (S) and investments (I) imply that current
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accounts (CA) are zero and exports (X) and imports (M) compensate each other.
More generally (i.e. when savings are different from investment), the following
relation holds on a macro level:
𝑆 − 𝐼 = 𝑋 − 𝑀 = 𝐶𝐴
(1)
A current account surplus or deficit is linked to a capital flow. Countries that
export more than they import generate revenues that are not expended
domestically, but which are saved and flow abroad in order to finance the import
surplus of their counterparts. Speller, Thwaites and Wright (2011) highlight the
sharp increase of net international capital flows between 2002 and 2007, with
global current account imbalances doubling from 3% to 6% of world GDP.
CGE models that consider current account imbalances follow two major
alternatives (closure rules). Both will have an impact on savings and investment.
The first alternative is to set the current account exogenously, either following the
historical trend based on econometric estimations (see for instance Chinn and
Prasad, 2003) or following projections from a linked macro-model. Linked macromodels (like in ENV-Linkages or MIRAGE-e) simulate country-specific savings
and investment subject to globally balanced current accounts. The econometric
based approach seems to be robust only for a limited time horizon as it may
expand current account differences between countries. A simpler variation of this
alternative is to fix the current account as a share of world GDP or to make the
current accounts converge to zero, but these two alternatives are not supported by
data or macroeconomic theory.
A second alternative derives the current accounts endogenously given the
propensities to save (or the time preferences in an intertemporal setting), and other
factors that drive trade flows (endowments, productivity differentials). Still, a
closure rule is needed. A common approach is to presume a level of net foreign
assets (i.e. current accounts accumulated over time) for the final year of the
model’s time horizon (or at a later time horizon than the one used to present
results, as it is often the case in Integrated Assessment Models). Most often this
level is either set to the current level or is assumed to level off. In both cases,
intermediate current account deficits and implied levels of indebtedness can be
large, but can also be restricted by assumptions on capital market imperfections
(Alfaro, Kalemi-Ozcan, Volosovych, 2008) like debt constraints or risk premia on
foreign investments. Furthermore, as a persistent high debt level is considered to
be unsustainable (Aizenman and Sun, 2010; Chen, 2011), imposing restrictions on
borrowing and lending can help in models that cover a longer time horizon.
Another approach is that used in the GDyn model, where the current account
equation also includes foreign income payments and receipts, which are part of
the framework that models international capital mobility (Ianchovichina and
McDougall, 2012). Aguiar (2009) further extended GDyn to include remittances in
and out in the current account equation.
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Our conclusion on savings rate and current account projections is therefore that
any simplistic approach (constant savings rate, or convergence of current account
to zero) should be avoided. Only assumptions backed by the macroeconomic
literature should be considered. On the current account, Bekkers et al. (2020)
provide additional insights.
2.3 Natural resources
Beside labor and capital, some economic sectors also depend on other key
endowments that we group here under the category of “Natural resources”
(geophysical and biological). These resources are present for the primary sectors
(land for agriculture and forestry, fish stock for fisheries, fossil fuel for the energy
sector, other extractive materials for construction and industry, and water for the
water services). As an illustration, the 12 primary agricultural sectors in the GTAP
Data Base depend on a land endowment, whereas forestry, fisheries, primary
energy and raw material extractive industry all are endowed with natural
resources. Water is not represented by default as a factor in GTAP but some
specific extension to the model and database have been developed over time (not
covered here, see Haqiqi et al., 2016).
2.3.1 Fossil Fuels
Fossil fuels (oil, coal and natural gas) represent around 80% of total world
primary energy supply and thus these resources are key macroeconomic drivers
of baseline scenarios beyond labor and capital. Good representation of fossil fuel
supply in baseline scenarios is especially important to anchor alternative energy
and low-carbon transition scenarios that aim to reduce the use of these resources.
In most dynamic CGE models, fossil fuel primary production is broken down
in a few economic sectors (usually oil, coal and natural gas sectors) with sectorspecific immobile resources. The resource input usually enters the top production
nest and is combined with capital, labor and other inputs to produce sectoral
output; see Faehn et al. (2020).
The models reviewed in this paper follow two main approaches for fossil fuel
resource supply: i) the bulk of models (10 models) calibrate resource inputs and
resource supply curves (through shift parameters) to match fossil fuel price
trajectory or other variables, but ii) several models (4-5 models) represent
endogenous resource depletion and availability. Almost no models rely on
exogenous or fixed resource inputs.
The calibration approach makes it possible to control key variables such as
fossil fuel prices taken from external energy scenarios (for example International
Energy Agency, or IEA, scenarios).1 The calibration can optionally target regional
For instance, in MIRAGE model baseline, resource inputs are calibrated to match average
coal, oil and natural gas world prices taken from World Energy Outlook 2016.
1
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prices beyond world prices (such as in AIM-CGE). Resource inputs are more rarely
calibrated on capital or GDP growth (MAGNET) or to match energy supply targets
(ENGAGE and ENV-Linkages). In both cases, the calibration approach could
introduce inconsistencies if the model’s baseline does not match the price
projections assumptions. If this is the case, these inconsistencies have to be checked
by the modelling team.
The calibration approach is the most common, but not necessarily the best
practice as it has several drawbacks. Fossil fuel demand depends heavily on
economic activity and may not be consistent with the targeted fossil fuel prices in
CGE baselines if economic assumptions and resulting fossil fuel demand are
inconsistent with that of the external energy scenario used. A more general
consistency issue is that fossil fuel prices scenarios are usually based on energy
models with different economic paradigms than CGE models. In addition, this
calibration of resource stocks approach prevents the simultaneous variation of
stocks and energy prices in the model as a result of a policy change.
Several models include endogenous resource supply through resource
depletion models. In general, simple recursive resource supply functions are
introduced and account for resource depletion between two time periods due to
fossil fuel production levels during the former period, starting from a given base
year resource stock (Chen et al., 2017). However, a few CGE models include more
complex resource depletion models; see Faehn et al. (2020). For instance, ImaclimR combines advanced dynamic oil resource supply functions (reflecting both
depletion and accessibility of heterogeneous oil reserves categories at regional
scale) and regional extraction cost curves linked to different categories of reserves
(Waisman et al., 2012). Other models build on external coupling to capture
endogenous resource depletion (TEA model linked to a specific energy model),
but this is beyond the scope of this paper (see Delzeit et al., 2020). The required
data for fossil fuels reserves come from various sources including (Rogner, 1997;
USGS, 2012; WEC, 2013).
The endogenous approach seems promising but can have some limitations as
well. First, the required data for fossil fuel reserves are usually scattered and may
not be consistent across sources when available. Second, too simple resource
supply specifications combined with standard economic behavior (like pricetaking behavior) may lead to unrealistic fossil fuel market outputs and prices.
Accounting for strategic interactions at play on oil markets (for instance with
OPEC) may for instance be needed to control market behavior. Some models
venture into this direction like Imaclim-R, which optionally models specific
economic behaviors of “swing producers” that can influence world oil prices,
departing from standard price-taking assumption (Waisman et al., 2012).
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2.3.2 Land
Land input is a key factor for agricultural and forestry activities. Traditional
modelling of land transformation fits well for substitution across land uses in a
static framework, but often fails to capture land use change trends required by
long term baseline scenarios. Land use changes over time lead to conversion of
natural land into productive land through primary forest and other natural
vegetation clearing. Different approaches have been developed to allow for
expansion of currently used land into other land cover types, through land supply
curves. The land supply representation significantly varies across models for those
models that represent it. Many models do not explicitly describe how land supply
is implemented. Here we distinguish three different methodologies (see more
details in Schmitz et al., 2014):
1) Implicit land supply managed through the land transformation nesting
including grassland and forest land cover types.
2) Explicit land supply curve based on a full representation of available land
based on biophysical assessment and constrained by total terrestrial land
area.
3) Arable land expansion by exogenous assumptions.
The first approach is the simplest in the sense that it relies on the initial nested
representation of land rents from the GTAP economic accounts and uses the
substitution mechanisms within existing rent, without expansion of the total land
rent. It is the approach followed for instance by GDyn, FARM or AIM/CGE. The
second approach relies on exogenously specified supply curves through stylized
assumptions or the use of biophysical information. For instance, the TEA model
relies on a single elasticity of expansion to represent increase in productive land
(Cunha et al., 2020). The MIRAGE-Biof model follows the same approach, but
distributes the expansion into different land cover types to differentiate land use
change impacts (Laborde and Valin, 2012). Another land supply curve example is
that of MAGNET and ENV-Linkages models, for which land supply is derived
from the productivity of land as estimated by the integrated assessment model
IMAGE. The third approach is represented by some exogenous trends on land use
that are applied to the total land stock. This approach is followed for the dynamic
trajectory in the MIRAGE-Biof model.
With the increasing research on climate change mitigation, large land use
changes are one of the key elements to explore the bioenergy availability and CO2
emissions or sequestration. Future efforts are to be expected from dynamic CGE
modeling teams to improve the representation of the linkages between land use
sectors factor uses, and biophysical land impacts.
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3.3.3 Fishery and other mineral resources
There are limited models that represent other natural resources such as fisheries
or other mineral resources beyond the level of detail provided by the GTAP Data
Base. The typical approach is to consider that the natural resource endowment is
fixed (or strongly inelastic, with a very small supply elasticity). For future
scenarios, mostly the endowment is exogenously changed or no specific dynamics
are considered. For instance, MAGNET (Thünen) assumes 0.25 times the capital
growth rate for the natural resources. So far, only few studies related to other
resources have been carried out and there should be much room to improve other
resource representations.
3. Baseline methodology: GDP trajectories
In a CGE model, the magnitude of potential effects simulated are determined
by the relative economic size of the different regions in the world. In addition, the
longer the time horizon, the larger the potential changes in the geographical
allocation of wealth. As a consequence, the most important factor to consider in a
baseline exercise is the trajectory of aggregate productivity, whether it is explicitly
included in the CGE model or it is endogenously recovered from an external GDP
projection. After discussing the different methodologies applied by the models
reviewed, this section will focus on how GDP projections are built and how the
different sources compare.
3.1 Review of existing approaches
As shown in Appendix Table A1, there exist two distinct methodologies to
shape medium- to long-term projections of economic growth among the models
reviewed for this article.
The most common approach is to rely on external projections for GDP growth,
which are provided by several sources discussed below. In this case, a baseline
trajectory is built within the CGE model with the aim to calibrate a productivity
trajectory under the constraint that GDP grows at the rates projected by the
projection source. However, there is a large diversity between models on the
production factors affected by such productivity improvements, which can be
labor-only (9 models), all factors – usually labor, capital, land and natural
resources (7 models) or labor, natural resources and intermediate consumption (1
model). It is important to note that such exogenous GDP assumptions are only
used for baseline calibration: all the models reviewed release this constraint when
they implement policy simulations.
There is no absolute superiority of one alternative over the other (laboraugmenting or all-factor-augmenting productivity), even in the macroeconomic
theory, where both alternatives cohabit (see Section 2.2.1). However, the projected
GDP growth by the different sources already imply specific assumptions on this
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issue. For instance, OECD projections are built using labor-augmenting
productivity (Dellink et al., 2017), while EconMap use capital-labor-augmenting
productivity (Fouré et al., 2013). It might seem appealing for CGE models to follow
the same assumptions as the underlying growth model, but there is no specific
reason to do so. The structure of CGE and macroeconomic models are very
different, and using an external GDP projection in a very different productivity
structure might be a good way to challenge its plausibility.
Three of the reviewed CGE models (GDyn, IGEM and MESSAGE) also
implement an alternative approach where the GDP trajectory is endogenously
determined within the CGE model, or in other words to design/calibrate law of
motion for factor efficiency improvements and let the GDP be determined
endogenously together with factor accumulation assumptions.
There is no consensus regarding the choice between the two approaches
(endogenous vs. exogenous GDP in the baseline exercise) because the projections
have to be crafted. It should be noted that it is by far easier to rely on existing
projections than to build them and since they are available, it helps to compare
CGE model outcomes when they rely on a common GDP growth trajectory. Yet,
when the GDP trajectories are endogenous in the CGE, the level of control and
consistency within the baseline exercise is better, although it makes it difficult to
compare against baselines from other models because the GDP trajectories are a
function of model parameterization.
An advanced hybrid approach has therefore been developed and is used by
two teams in OECD and CEPII (respectively ENV-Linkages – Chateau et al. (2014)
and MIRAGE-e – Fontagné et al., 2013), where the projections are indeed built
externally from the CGE but by a sister macro-economic growth model
(respectively ENV-Growth – Dellink et al. (2017) – and MaGE – Fouré et al., 2013).
Consistency between the two corresponding models is sought to be maximized. In
particular, in these cases, the macroeconomic model and the CGE model share in
the baseline the same assumptions in terms of population, skill level growth,
energy price trajectories, and current account balances.
3.2 Building GDP trajectories
Whatever the pursued approach, some insights on how GDP projections are
built are useful to understand the mechanics behind baseline exercises. Several
approaches of baseline design exist. Extrapolating linear trends is simple but
indeed misses any economic rationale; it may lead to major errors in the
representation of how the world economy evolves in the future. Alternatively, one
can rely on macroeconomic projections. Using the concept of balanced growth
path or other theoretically founded frameworks allows to maintain consistency,
but at the cost of less details. Finally, relying on experts’ appraisal as in Dixon and
Rimmer (1998) is an option. While it faces the risk of inconsistency due to the
absence of an encompassing framework, it allows to deal with issues and
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determinants beyond usual economic variables. The last two options are highly
flexible, and the reliance on a macroeconomic model have the advantage of being
easy to set-up based on the vast literature in macroeconomics, and can encompass
a wide range of issues based on this literature, as for instance, endogenous current
accounts, forward-looking behavior or conditional convergence.
Of particular interest is the initiative of the Intergovernmental Panel on Climate
Change (IPCC): five different stylized baseline scenarios, SSPs, have been
developed using a multidisciplinary approach (O’Neill et al, 2017).
Macroeconomic growth models will be the focus of this section, but some
conclusions may also apply to CGE models with endogenous baseline trajectories.
3.2.1 Building a GDP trajectory
Solow’s (1957) seminal attempt to decompose economic growth between factor
accumulation (capital and labor) and a residual interpreted as technology
improvements, is indeed simplifying though estimating such aggregate
production functions remains the most workable framework to quantitatively
analyze long term trends in economic growth, and by far the most common in the
literature. In a nutshell, this approach starts from a rather simple macroeconomic
aggregate production function, with basic components: Y is real potential GDP, K
is the stock of capital, L the labor force and A the residual, understood as the
technological component, the Total Factor Productivity (or TFP).
Labor and capital are at the heart of long-term growth analysis (Solow, 1957;
Wilson and Purushothaman, 2006; Duval and de la Maisonneuve, 2010), and the
stability of their shares in value added explains the success of the aggregate CobbDouglas production function. Building on these works, several other factors have
also been considered key to long-term growth projections, like human capital
(Duval and de la Maisonneuve, 2010), primary energy consumption (Fouré et al.,
2013) or natural resources (Dellink et al., 2017), as illustrated in Table 3.
Table 3. Macroeconomic projection models
Source

Production
function

Duval and de la
Maisonneuve,
2010
𝑌=

𝐾 𝛼 (𝐴ℎ𝐿)1−𝛼

Additional ℎ: human capital
factors
Source: Authors construction.

Fouré et al., 2013

𝑌 = [(𝐴𝐾 𝛼 𝐿1−𝛼 )

𝜎−1
𝜎

𝜎
𝜎−1 𝜎−1
𝜎 ]

+ (𝐵𝐸)

Wilson and
Purushothaman
(2006)
𝑌 = 𝐴𝐾 𝛼 𝐿1−𝛼

𝐸: primary energy consumption
𝐵: energy-specific productivity

While all these components can be observed in historical data, the projection of
GDP consists in making assumptions on the future accumulation of factors and
productivity. The latter component may well be the most important: in the Solow
framework, it is the only growth component that matters in the long-run. We also
know since Wang and Yao (2003) that human capital and the residual growth were
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contributing more to GDP growth than factor accumulation. The strategies to
derive projections are different for each production factor and productivity. More
details on these strategies can be found in the references to macroeconomic
models.
Beside these theoretically-oriented growth models, Crespo Cuaresma (2017)
proposes a different approach, where the GDP growth rate results from a panel
estimation with lagged GDP per capita, labor force by age group and education
level and growth of capital as explanatory variables.
Several institutions have published GDP projections, with varying
assumptions, time horizon and regional coverage. In terms of time horizon,
medium-term projections are those before 2050 and long-term projections by 2100.
Medium-term projections are often released as one potential trajectory, based on
estimations and representing a “business as usual” scenario. For the long-run
however, because uncertainty grows as the time horizon advances, several
scenarios are provided. Some of them are constructed explicitly as scenarios that
deviate from “business as usual”. In particular, our attention will focus on the
SSPs.
3.2.2 Units for GDP: PPP are better than MER
When looking at long-term issues in developing economies, measuring
income (with GDP) in purchasing power parities (PPP)2 is more appropriate than
using market exchange rates (MER). Indeed, growth rates for developing countries
measured over a given period are likely to differ according to the measure used
(PPP or variable MER). In macroeconomic projections, where convergence of
income levels is postulated to occur by a certain date, the difference between the
two measures will impact the growth rates. That is, since MER is starting from a
lower level of measured income, to achieve convergence by a certain date, the
MER-measure of income will have to grow faster. In the CGE model, sectoral
productivity differences together with difference in tradability of goods imply that
the purchasing power parity exchange rate is endogenously adjusting in response
to structural changes. Thus, in a model with sector productivity growth there is
less need for mechanisms to enforce empirically desirable properties on the
growth process than in the macro-economic model.3

GDP measured in PPP and volume (constant prices and exchange rates) share the same
growth rate, but the relative weight of sectors differs.
3 This statement is valid when physical quantities, such as greenhouse gas emissions
coefficients, do not depend on the initial level of sector output. Otherwise, particular
attention has to be devoted to the consistency between the growth rate of physical
quantities and sector output.
2
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3.2.3 Comparison of GDP projections in the medium run
Table 2 summarizes different “business-as-usual” projections found in the
literature. Overall, these projections take place at the individual country level,
covering a significant part of world GDP (from 132 to 230 countries), with yearly
frequency. The time coverage is however very heterogeneous, ranging from shortterm forecasts to 2020-2023 to medium--run horizons (2040, 2050).
Table 4. Summary of medium-term GDP projections
Source
EconMap
(CEPII)
Env-Growth
(OECD)
ERS (USDA)
Global
Economic
Prospects (WB)
World
Economic
Outlook (IMF)
World Energy
Outlook (IEA)

Last year
available
2050

Regional
coverage
167 individual
countries
230 individual
countries
182 individual
countries
132 individual
countries

Frequency

Unit

1 year
1 year

Volume and
PPP
PPP

1 year

Volume

1 year

Volume

2023

194 individual
countries

1 year

Volume

2040

8 individual
countries, 8
regions

15 years

PPP

2060
2030
2020

Source: Author construction`s.

As shown in Figure 3, these projections are generally consistent across sources.
This means that the variations they introduce around the initial neoclassical
paradigm they all share do not lead to large divergences, without being able to
settle if another paradigm would have led to significant differences. Nevertheless,
two groups can be distinguished: ERS, Env-Growth and EconMap are slightly
lower than other sources.
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Figure 3. Comparison of medium-term projection sources
Notes: We applied the growth rates (in volume/PPP) from the different sources to
historical data from World Development Indicators (2000-2010). Abbreviations used
in this figure are explained in Table 2.
Source: Author calculations

3.2.3 Comparison of projection sources in the long-run: the SSP scenarios
Building on an initiative by the Integrated Assessment Modeling Consortium
(IAMC), between 2011 and 2017, researchers in the climate change field have been
conducting an interdisciplinary exercise in order to identify the key elements that
will affect the potential magnitude and cost of climate change mitigation during
the 21st century. The outcome of these working groups has been the elaboration
of five illustrative scenarios – the SSPs – meant to be a common basis for climate
change impacts and mitigation and adaptation policy analyses, but also highly
relevant for any prospective economic scenario analysis. The narratives can be
found in O’Neill et al. (2017). A schematic representation of these scenarios is
reproduced in Figure 2. The narratives cover a broad range of potential economic
situations, obviously including population and GDP growth, but also for instance
income convergence, urbanization, trade openness or technological transfers.
Riahi et al. (2017) summarizes the quantification process on selected variables
(population, GDP, urbanization, energy, land-use, and greenhouse gas and air
pollution emissions) and results.
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Figure 4. Schematic representation of the SSP scenarios
Source: O’Neill et al. (2017).

Regarding GDP projections, different teams have contributed by producing
model-based quantitative evaluations. IIASA (Crespo Cuaresma, 2017), the OECD
(Dellink et al., 2017), PIK (Leimbach et al., 2017) – the three of them being available
in the official SSP database – and CEPII (Fouré and Fontagné, 2016). All
implementations rely on the same narratives, take the same population projections
from IIASA, and make assumptions on education and TFP growth rates. In
addition, Dellink et al. (2017), or ENV-Growth, also add assumptions on natural
resource, while Fontagné and Fouré (2016), or EconMap, also quantifies
institutional convergence and fossil energy prices. Finally, the GDP projections by
Dellink et al. (2017) were selected as representative for the specific SSP scenarios
and formed the basis of the baseline and climate change mitigation scenarios
developed by the IAM community (Riahi et al, 2017). These different SSP
implementations are detailed in Table 5.
Table 5. Summary of SSP GDP projection sources
Source

Last year

Regional coverage
publicly available

Frequency
publicly
available
EconMap (CEPII)
2100
167 individual countries
1 year
Env-Growth (OECD)
2100
176 individual countries
1 year
IIASA
2100
32 regions
5 yearsa
PIK
2100
32 regions
5 years
Notes: a Higher frequency available upon request from the corresponding authors.
Source: Author construction.
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All 4 implementations share a time horizon to 2100 and a nearly global
coverage, with all but one of the projections being country-based. The only
difference resides in the time frequency, which is 5 years or 1 year. This difference
is however minor, because at that horizon, uncertainty is so large that yearly
fluctuations may not significantly impact the results.
3.3.4 Central scenario: the SSP2
Among the five SSP storylines, the SSP2 is the central scenario (“Middle of the
Road”) and the most commonly used reference scenario, although neither
probability nor likelihood are attached to any of the five SSPs. We therefore start
by comparing the different implementations of SSP2. The comparison of growth
at a global level has already been covered in the literature, and we confirm that all
the different sources, although with different models and assumptions, are well
aligned up to 2075, while afterwards IIASA projections seem on the lower side.
More interesting for our topic is the allocation between regions and countries,
which may imply significantly different patterns in the long run. Figure 5 presents
the average annual GDP growth rates by geographical area (nomenclature from
the SSP database) for the period 2010-2100.

Figure 5 – Average annual GDP growth by region in SSP2 scenario, 20102100
Source: Author calculations.

For OECD countries and countries from Latin America and the Caribbean, all
the different sources are closely aligned, but it should be noted that EconMap
projections are higher than others for reforming economies and Asia to a lesser
extent, while IIASA projections are lower for Middle-East and Africa (for 2010-
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2050, EconMap is even lower). In our opinion, there is no projection that should
be prioritized over another. While all of them are based on rigorous estimations
and models, they pursue different objectives (for instance, provide projections for
a specific model, or on the contrary provide generic projections to be used with
models of different kinds). In addition, these differences represent the uncertainty
inherent to projection exercises. It is however important to note that the relative
economic power of regions in the world might differ significantly from one study
to the other. For instance, a 1% average annual growth difference leads in 90 years
to a 145% difference in volume.
3.3.5 Other SSPs
In order to encompass a wider range of potential long-term trends, the 4 other
SSP scenarios are also available from the same sources, as depicted in Figure 6.
Once again, the four projection sources are rather consistent, both in terms of
ranking between the different SSPs and in terms of order of magnitude. At the end
of the period however, it seems that for SSP1, 4 and 5, the EconMap projections
represent an upper bound, while IIASA projections represent the lower bound.

Figure 5. Comparison of projection sources for SSP1, SSP3, SSP4 and SSP5
Notes: We applied the growth rates from the different sources to historical data from
World Development Indicators (2000-2010).
Source: Author calculations.

49

Journal of Global Economic Analysis, Volume 5 (2020), No. 1, pp. 28-62.

4. Best-practices, recommendations and proposal for future research
4.1 Best practices
Given the relative homogeneity of the different models in terms of population
and GDP projections, the use of exogenous trajectories for population and GDP
has not really been challenged and could not strictly qualify for a best practice.
Nevertheless, using external projections for population and GDP, that are
documented and publicly available, and achieving these trajectories in the baseline
exercise by endogenous productivity parameters, which is the most common case
in the reviewed models, is the most reasonable alternative, all the more when
projections are based on sound macroeconomic literature. It is in addition very
easy to implement, as external sources for projections are available.
Converting population projections into labor force is trickier: the growth in
labor force can differ significantly from the working-age population, especially for
younger age groups with longer time spent on education or when taking into
account rising labor participation rates for women. Although corresponding
projections are less standardized, we recommend to adhere as much as possible to
the concept of labor force rather than working-age population, and if labor force
projections are not available (typically beyond 2030, where ILO projections are
missing) to try to adjust for the difference. The second issue with labor force is the
skill allocation. Because of the mismatch of concepts (projections available are
education-oriented while CGE models use occupation-oriented information to
measure skills), both approaches (using a common or differentiated growth rate
between skill levels) are not satisfactory. In the short term, there is no out-of-thebox solution, but this strongly suggest the need for further research.
Capital formation is another topic where there is no consensus. Regarding
savings, the clear best-practice is to rely on a theoretically-founded framework,
whether this framework is embedded in the CGE model or come from an external
source. It is furthermore clear that considering a constant savings rate is not
supported by any evidence and should be avoided whenever possible. The same
conclusion also holds for current account trajectories (and equivalently investment
rates): there is no evidence of a constant S-I balance, nor evidence for a
convergence to zero. These assumptions should therefore be avoided whenever it
is possible, and replaced with a more reasonable trajectory, among those discussed
extensively in Bekkers et al. (2020).
Regarding land and natural resources, common practices in CGE models can
be easily implemented even when agriculture or energy-related issues are not the
core of the model’s focus. This is true for land availability and land use changes
(using CET structure and simple supply curves), but also for fossil resources
availability (calibration by targeting energy prices or energy consumption).
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4.2 Recommendations
4.2.1 Rely on theoretically-sound assumptions
Among the reviewed models, the most reliable criterion we found was to rely
on sound assumptions taken from existing literature, mostly out of the CGE field.
The long-term growth literature is the main source of knowledge for modelers and
should be referred to when designing baselines. Some key issues have been sorted
out in this field, such as the fact to rely on PPP volumes when considering
convergence across countries (and not volumes in base-year prices), or the absence
of convergence between savings and investment at the country-level. There is still
debate in this field, for instance regarding the relevance of considering steadystates, versus estimating dynamic relationships. When such debate exists, the only
recommendation we have is to clearly state the assumptions retained and refer to
the corresponding debate in the literature.
4.2.2 Consistency
In several models, demographic data and other information such as GDP,
saving rates, energy consumption and land use are obtained from external sources.
In some cases, data comes from a single source. For instance, the SSP database may
be used to calibrate labor force, education and GDP that are consistent with IIASA
population projections, while EconMap proposes projections of GDP, population,
education, savings and investment and capital stocks consistent with both IIASA
and UN population projections depending on the scenario. However, this is not
standard practice. We have identified that long-term baselines are generally built
based on different external data sources or are linked to partial equilibrium models
(see Delzeit et al., 2020), which are based on their own assumptions. A good
practice requires the consistency between variables. Otherwise, the gap between
the inconsistent projections and the consistent one will pass through the
endogenous productivity without properly shaping sector endowments (for
instance on skill level, or availability of natural resources). Therefore, when
building a baseline, it should be made sure that projection data is consistent with
other key variables, especially regarding factors that are also among the main
determinants of macroeconomic growth such as demographics. Ideally, both
projections should be taken from the same original source. This can be achieved
using socio-macroeconomic projections from an external growth model as in ENVLinkage or MIRAGE-e models. When such an alternative is not possible, a
particular attention has to be paid to the consistency between sources by providing
evidence that the difference does not matter much or that the alternative source
used is necessary. For instance, this could be the case with a comparison between
GDP projections underlying energy prices and the actual GDP trajectory used in
the model.
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4.2.3 Suggestions for future research
Our paper also identified gray areas where future research could help improve
the way macroeconomic baselines are designed. Two topics are in our opinion of
greater importance and require a joint effort by the modelling community: the
evaluation of the implications of baseline assumptions on model simulation
results, and the treatment of labor issues in projections and modelling.
First and maybe more importantly, we have not yet found a comprehensive
and systematical investigation on the relative importance of baseline assumptions
on model results. This special issue proposes some insights on the impact of
energy prices on trade (Bekkers et al., 2020). From the perspective of the present
study it is of likewise importance to quantify the impact of current-account
baseline assumptions on results from trade policy shocks. This is not yet settled
with our models. Apart from such specific challenges, however, we think a more
thorough investigation is required. This applies to both GDP trajectories and factor
accumulation.
Corresponding analyses could take the form of a model comparison where each
model compares the implications of different baseline assumptions on a single
policy scenario. Model comparison exercises could also help the community find
out if sector-specific aspects such as land availability and use changes, fossil and
non-fossil natural resources, need to be tackled in every model or only for studies
focusing on the corresponding topics. In particular, we noted that almost nothing
is done on the availability of natural resources in forestry, fishing and non-fossil
extraction sectors. We have to join Chateau et al. (2020) in the same special issue
to suggest further research on this subject to know whether these issues are of
importance or not.
We also suggest to put in place an important and coordinated research effort
on labor issues, which have been broadly neglected so far. First, the availability
and standardization of projections of economically active population (instead of
working-age population) should be increased, and could in our opinion be
achieved in the short term. Second, we also pointed out the absence of a
satisfactory treatment on labor by skill, and the gap between existing projections
measured in education levels and the representation of labor skills in CGE models
which uses occupation standards must be bridged, along with the development of
more comprehensive data on sectoral differences in skill-intensity, such that this
data can be ported to the GTAP Data Base. Finally, we cannot but deplore the lack
of interest for evidence-based modelling of unemployment issues in our
community, and we hope that the proposed agenda on better data and better
projections could help in this direction, though this topic goes beyond projection
exercises and is a modelling issue per se.
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Appendix A
Table A1. Key macroeconomic data source of reviewed models
Model name
AIM/CGE
DART
EC-MSMR
ENGAGE
ENVISAGE

ENV-Linkages
EPPA
EU-EMS
EXIOMOD
FARM
GDyn
GEM-E3
ICES
IGEM
Imaclim-R
MAGNET-TI

MAGNET-Wageningen
MESSAGE (IIASA)
MIRAGE-e
PACE
REMIND
TEA
Weg_Center

GDP
SSP Database
OECD Env Outlook
2012
E3MC
SSP Database
SSP Database
ENV-Growth (SSP)
/ OECD ECO/LTB
[MIX]
IMF/WM/UN/own
[MIX]
?
CEPII or EU or SSP
Database
SSP Database
Endog. or exo
OECD/IMF/EU
[MIX]
SSP Database
Endog. or own path
USDA/ERS
SSP Database,
USDA, OECD, DG
AGRI
MACRO link
CEPII SSP
IEA
SSP Database
SSP Database
SSP Database

Source: Author construction.
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Population
UNPD / IIASA
PHOENIX model
E3MC
IIASA
IIASA
IIASA/UNPD
?
?
UNPD
IIASA
UNPD, or other
UNPD
IIASA/UNPD
US Census
UNPD
USDA/ERS
IIASA
IIASA SSP
UNPD/IIASA
UNPD
IIASA
IIASA
IIASA
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Table A2. Key factor assumptions of reviewed models
Model name

Investment

Depreciation

Labor

NatRes (Fossil) NatRes (Other) Current Account

'=S

Constant (5 %)

Exo. (working age pop, growth)

Calib.

Fixed

Fixed (0)

DART

Land supply
Savings
Endog. (coupled with
Endog.
AIM/PLUM)
Fixed
Fixed

'=S

Exo.

?

NO

Endog.

EC-MSMR

?

?

Endog.

?

Calib.

Endog.

Fixed

ENGAGE
ENVISAGE

Exo.
Fixed

Calib.
Endog.

Fixed
Endog.

Exo.
Endo.

Exo.

Exo. (educ., growth)

Calib.

Endog.

Exo. (ENV-Growth)

Fixed
?
?
Fixed
Endog.
NO
Endog.
Endog.

Endog.
'=S
Exo. (ENVGrowth)
Fixed
Endog.
Exo.
'=S
Endog.
Endog.
'=S
Endog.

Exo. (working age pop, growth)
Exo. (working age pop, growth)

EPPA
EU-EMS
EXIOMOD
FARM
GDyn
GEM-E3
ICES
IGEM

Endog.
Endog.
Exo. (IMPACT/
IMAGE/ MAGNET)
?
?
?
?
Endog.
NO
Fixed
NO

5-7%
Calib. or constant
(7 %)
4 to 6%
?

?
?
?
?
Exo. (educ, growth)
Exo. (ILO)
Exo. (educ, growth)
Endog. (leisure)

Endog.
?
?
?
Fixed
?
Calib.
NO

?
?
?
?
Fixed
?
Fixed
NO

Fixed
?
?
Exo. (Fixed or CV 0)
Endog.
Fixed or endog.
Fixed (0)
Exo. (CV vers 0)

Imaclim-R

NO

Endog.

Endog.

Exo (working age pop)

Endog.

?

Exo (Fixed of CV 0).

MAGNET-TI
MAGNET-Wageningen
MESSAGE (IIASA)

Exo. (IMAGE model)
Endog.
Calib. (GLOBIOM)

?
?
NO (K exo)
?
4%
?
?
?
Constant (sector),
endog. Vintages for
energy
?
?
?

AIM/CGE

ENV-Linkages

Endog.

Fixed
Endog.
Exo. (pop)
Calib.
Calib.
Endog.
Fixed
Fixed
Exo. (pop)
Calib.
Calib.
Endog. or Fixed
?
?
?
Calib.
?
?
Exo.
MIRAGE-e
Endog.
Exo. (EconMap)
Constant (6 %)
Exo. (educ., growth)
Calib.
Fixed
Exo. (EconMap)
(EconMap)
PACE
?
?
?
?
Fixed
?
?
Fixed (0)
REMIND
Exo. (MagPIE)
Endog.
Endog.
?
Exo. (working age pop, growth)
Endog.
Endog.
Endog.
TEA
Endog.
Fixed
'=S
Constant (5%)
Exo. (working age pop, growth)
Exo. (COFFEE) Endog.
Exo. (CV vers 0)
Weg_Center
Exo.
Fixed
Fixed
Constant (PWT)
Exo. (working age pop, growth)
Calib.
?
Fixed
Notes: “Fixed” means the variable is maintained at its initial value. “Exo.” means the variable is taken from an exogenous source (mentioned when available between parenthesis). “Calib” means
the variable is calibrated to match the trajectory of another variable. “Endog.” Means the model endogenously determines the variable. “NO” means the variable is absent of the model. “?” means
the team did not explicitly answer the question in their contributed template. For investment, “=S” means investment are equal to savings.
Source: Author construction.
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Table A3. GDP projections download links
Name
EconMa
p
ERS

Institution
CEPII

SSPs
X

Hyperlink
http://www.cepii.fr/CEPII/en/bdd_modele/presentation.asp?i
d=11
https://www.ers.usda.gov/data-products/internationalmacroeconomic-data-set.aspx

USDA

X

ENVGrowth
ENVGrowth
(SSP)
GDP

OECD

X

OECD

X

https://tntcat.iiasa.ac.at/SspDb/dsd?Action=htmlpage&page=a
bout

IIASA

X

PIK

X

https://tntcat.iiasa.ac.at/SspDb/dsd?Action=htmlpage&page=a
bout
https://tntcat.iiasa.ac.at/SspDb/dsd?Action=htmlpage&page=a
bout
http://www.worldbank.org/en/publication/global-economicprospects

GDP-32

Global
World bank
Econom
ic
Prospec
ts
World
IMF
Econom
ic
Outlook
World
IEA
Energy
Outlook
Source: Author construction.

Ref.
X

X

X

https://www.imf.org/en/Publications/SPROLLS/worldeconomic-outlook-databases

X

https://www.iea.org/weo2017/
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