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Highlights
e The study combines agricultural modeling with TFP estimates to project productivity changes.
e The study explores the productivity implications of Shared Socioeconomic Pathways.
e The ratio of cropland expansion to productivity growth impacts changes in food prices.
e Investing in productivity improvement is an effective means of ensuring food availability.

o Different measures highlight different parts of the productivity changes in the scenarios.

Abstract

Productivity growth is essential to meet the increasing global agricultural demand in the future,
driven by the growing world population and income. This study develops a hybrid approach to
assess future global crop productivity in a holistic way using different productivity measures and
improves the understanding of productivity implications of socioeconomic factors by contrasting
different shared socioeconomic pathway assumptions. The results show that the global
productivity is likely to continue to grow, whereas the productivity growth varies pronouncedly
among different future socioeconomic conditions. The fast growth of total factor and partial
factor productivity can be reached when slow population growth and high economic growth
entail moderate food demand and low investment risks. In contrast, high population growth and
low economic growth could lead to relatively high land-use intensity due to the extreme pressure
on agricultural production, however, associated with low total factor productivity growth. The
model results indicate that the ratio of the total factor productivity growth to cropland expansion
has significant impacts on food prices, with increasing prices when cropland increases faster than
productivity, and vice versa. Investing in productivity improvement appears to be an effective
means of ensuring food availability and sparing cropland, contributing to the achievement of
sustainable development goals.

Keywords: endogenous technological change; productivity growth; land-use intensification;
cropland expansion; socioeconomic pathways
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1 Introduction

Agricultural development is essential in the broader development context, exerting impacts not
only on poverty reduction and food security but also on ecosystems (Barrett et al., 2010; Sayer
and Cassman, 2013; Wang et al., 2016). Increasing output in the agricultural sector in the past
mainly depended on land expansion (Hansen and Prescott, 2002). It is estimated that the global
cropland area and grassland area increased by approximately 1,500 million hectares and 2,600
million hectares, respectively, in the past three centuries (Lambin et al., 2003). Although the pace
of land expansion has been lower in the past decades and a significant decoupling between food
production increases and cropland expansion has occurred since 1960 (Lambin et al., 2003), land
expansion is still taking place, some of which is on plots with high ecological value. Overall, 83%
of all newly converted agricultural land from the 1980s to 2000s was formerly tropical forest
(Gibbs et al., 2010), and deforestation contributed to 12—20% of the global anthropogenic carbon
emissions in the last two decades (van der Werf et al., 2009). The exact amount of land needed
for agricultural production varies, depending on the state of the applied agricultural technology
and land quality (Lotze-Campen et al., 2010; Wang et al., 2016). For instance, technological
progress associated with the green revolution successfully increased crop yields without a
corresponding expansion of cropland to meet the increasing food needs of Asia's growing
population (Sayer and Cassman, 2013).

To meet future agricultural demand, technological progress in the agricultural sector has become
more critical than ever (Wiebe et al., 2003; Tester and Langridge, 2010). The essential role of
technologies in promoting agricultural productivity and inclusive economic growth is widely
recognized (Barrett et al., 2010), and the intrinsic properties of technological change (TC) are
extensively studied (Arrow, 1962; Romer, 1986; Lucas, 1988; Romer, 1990). In contrast to the
assumption about exogenous TC in the early neoclassical growth theory (Solow, 1957), TC is
found to be an endogenous process (Arrow, 1962; Lucas, 1988; Romer, 1990). In the agricultural
sector, TC can occur through the adoption of new crop varieties, management improvements,
and the expansion of irrigation infrastructures (Griliches, 1957; Lin, 1991; Schneider et al., 2011;
Baker et al., 2012). Advancing agricultural technology is generally triggered by investment in R&D
(Griliches, 1963) and can be associated with population pressure (Boserup, 1975), while the
underlying driving forces for advancing agricultural technology are changes in relative resource
endowments and factor prices (Ruttan, 2002). The importance of the endogeneity of TC is
recognized by modelers, but studies often assume that it is exogenous due to limited data. To
study the impacts of productivity changes on land use changes and food security, existing
economic models often treat productivity changes as parameters, either as a shifter of crop yields
in partial equilibrium models (Robinson et al., 2014) or as a factor that alters productivity level in
a production function in general equilibrium models (Hertel et al., 2016), while few exceptional
analyses assume endogenous TC (van der Mensbrugghe, 2005; Dietrich et al., 2014; Akgul et al.,
2016).

Different methods have been employed to improve productivity measures (Alston, 2018). The
methodological differences reflect the conceptual differences between partial factor productivity
(PFP) and total factor productivity (TFP). Productivity measured as PFP (Wiebe et al., 2003;
Rozelle and Swinnen, 2004; Verburg et al., 2008; Havlik et al., 2013) is informative for
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understanding the underlying factors behind productivity changes but can be misleading since
not all production inputs are taken into account. For instance, high crop yields may be driven by
high fertilizer use or high labor input. Hence, despite increased land productivity, overall
productivity might remain constant or even deteriorate. In contrast to PFP measures, TFP
provides a holistic measure of the productivity growth attributed to all input factors (Ludena et
al., 2007; Fuglie, 2008). The social accounting approach (Fuglie, 2008; Solow, 1957) or
econometric techniques (Ludena et al., 2007) can be used to estimate TFP changes. A reduced
form, with a lack of economic behavioral assumptions, is often used in empirical studies to
simplify the estimation (Del Gatto et al., 2011)%, although it provides, to some extent, comparable
estimates as the structural approach (Gong and Sickles, 2020). However, there is seldom a
prediction of TFP due to the uncertainty in the future, although it is equally important to have
(Hertel et al., 2016). Exceptionally, Ludena et al. (2007) provide forecasts of TFP based on the
assumptions of trends in technological changes and extrapolations of efficiency changes using
estimates from logistic regressions. The prediction relies on information from limited time series
data without considering possible structural changes in the future (e.g., changes in the food
demand, demography and biofuel demand), which could potentially underestimate or
overestimate productivity changes.

To fill the existing gaps and to improve the understanding of productivity changes under future
socioeconomic conditions, this study combines agricultural modeling with TFP estimation
techniques in a two-step approach. This approach not only facilitates the projection of
endogenous PFP changes induced by TC and land expansion, as reported by the applied model
but also extends it with TFP estimates derived in an ex-post analysis. In the first step, it employs
a quantitative economic modeling approach to simulate the endogenous land-use intensity
growth in the crop sector under different future socioeconomic scenarios. In the second step,
the study applies a nonparametric estimation method to estimate TFP changes with the
Malmquist productivity index (MPI) based on simulated crop production to further complement
the analysis. To overcome the dimensionality issue related to estimating the global TFP, this study
uses a theoretically sound approach by constructing a weighted average index based on the
distance functions estimated from the regional data. This study also contributes to the strand of
literature that uses structural equation models and CGE models to understand the interactions
between all these underlying factors and their mutual interactions (De Loecker, 2007; Akgul et
al., 2016; Balistreri et al., 2018) by providing detailed information on the agricultural and land-
use sectors.

The remainder of the article is organized as follows. Section 2 introduces the model structure and
the methods for measuring productivity changes. Section 3 briefly describes the scenarios based
on the Shared Socioeconomic Pathways (SSPs) and the representation of the major features in
the modeling framework. The results about projections of land productivity and TFP growth at

1 One exceptional study is De Loecker (2007) who uses the Olley—Pakes method, a structural model, to estimate the
impact of trade on productivity changes.



144
145

146

147

148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171

172

173
174
175
176
177
178

the global and regional levels in the SSPs are presented, and their interactions with cropland
expansion and impacts on food prices are discussed in Section 4. Section 5 draws the conclusions.

2 Methods

2.1 Simulation method

MAgPIE (Model of Agricultural Production and its Impact on the Environment) is a partial
equilibrium, agro-economic model for the optimization of land use and production patterns
under given agricultural demand and subject to spatially explicit biophysical constraints (Lotze-
Campen et al., 2008; Popp et al., 2014). The model covers 10 world regions2 (Supplementary
information Error! Reference source not found.), the classification of which is based on the geo-
economic conditions of each country. The food demand for crop and livestock products enters
the model as exogenous projections based on the population and income growth and dietary
preferences (Bodirsky et al., 2015). The demand for crop products is divided into four sub-
categories, including the food demand, material and seed demand, feed demand and bioenergy
demand. Increasing agricultural yields through technological investments and cropland
expansion is the primary means of providing a sufficient supply of agricultural goods (Dietrich et
al., 2014). International trade is implemented based on self-sufficiency ratios and regional
comparative advantages to reallocate production among regions (Schmitz et al.,, 2012). A
trajectory of trade barrier reductions is assumed over time, indicating increasing trade openness.
The major associated costs are technological investments, land conversion costs, costs of
production input factors, and transportation costs. Socioeconomic constraints such as trade
liberalization in terms of fast trade barrier reductions are prescribed at the regional level, while
biophysical constraints such as crop yield potentials and water availability derived from the global
crop, hydrology and vegetation model LPJmL (Bondeau et al., 2007; Miiller and Robertson, 2014)
and land availability are prescribed at the 0.5 degree grid level (Krause et al., 2013). The
presented simulation covers the period from 1995 to 2050 at intervals of five years with 500
simulation units based on a k-means clustering algorithm aggregating 59,199 spatial grid cells
(Dietrich et al., 2012) to facilitate nonlinear optimization. The detailed documentation of the
model is archived online (Dietrich et al., 2019)3.

2.2 Computing productivity indices beyond the land-use intensity

MAGgPIE is in line with the induced innovation theory (Ruttan, 2002). The representation of the
endogenous TC entails an explicit specification of the maximizing behavior by producers subject
to technology constraints and input costs, which is a key feature distinguishing MAgPIE from
other partial equilibrium models, such as GCAM, IMPACT, and GLOBIOM (Valin et al., 2013;
Robinson et al., 2014). The endogenous implementation of TC in MAgPIE provides a projection
of the land-use intensity (see the details in S2). It is an output-oriented measure of land

2 AFR is Sub-Saharan Africa; CPA includes China and other centrally planned countries in East and Southeast Asia;
EUR is Europe; FSU contains regions in the former Soviet Union; LAM is Latin America; MEA is the Middle East and
North Africa region; NAM refers to the U.S.A and Canada; PAQ is the Pacific OECD countries, excluding South Korea,
i.e., Japan, Australia, and New Zealand; PAS is mainly island countries in Southeast Asia; and SAS includes India,
Pakistan and other countries in South Asia.

3 The online documentation is archived from https://redmine.pik-potsdam.de/projects/magpie/wiki.
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productivity, representing the increase of yields due to a potential suite of changes in
management and technological advances without considering biophysical characteristics
(Dietrich et al., 2014).

In addition to the land-use intensity measure, average yields are computed to represent another
form of land productivity. As shown in equation (1), they can be decomposed as a product of the

cumulative land-use intensity in region i at time t, £9°*"(-), and a weighted mean of the

,t
observed yields in the initial period for spatial unit j for crop k and irrigation type w, p;i’zleld,

with weights wj ¢ 1 . To reduce the complexity, climate impacts on yields are excluded in the
study, and therefore the initial biophysical yield potential remains constant over time. The initial
yields represent the land quality, which is determined by the water availability and other
biophysical conditions. Increasing land-use intensity will raise the average yields, as stated in
proposition S.1. Because the initial yields vary among different spatial units and between
different irrigation types of cropland, cropland expansion can lead to either an increase or
decrease of the average yields (proposition S.2). This indicates that the yield increase is driven by
improved land-use intensity and is affected by cropland expansion involving heterogeneous land
guality that depends on the attributes of the cropland, such as the available water for irrigation.

i production
yield _ TkXi¢k

it - Yk x{ltria

growth refyield
= O O k), T @) kP (1)

area
Jitkw

Lk ), Zw Xt iw

X
where w; ¢y =

While the land-use intensity and yield index measure the PFP by focusing on a specific input (in
this case land), the TFP indicates the changes in the productivity by accounting for all the inputs.
In this study, the TFP change is estimated as an (output-oriented) MPI, which is based on the
estimate of the Shephard output distance function using data envelopment analysis (DEA) to
construct a piecewise linear production frontier for each year in the sample (Fare et al., 1994;
Nin et al., 2003; Coelli and Rao, 2005). It treats the aggregated amount of crop commodities as
outputs, y, and the cropland area, production factors and amount of water used as inputs, x,,.
The distance function®is D, (x,y) = (sup{0: (x,0y) € S})~1, where S denotes the production
technology transforming inputs x € RY into possible outputs y€RY : S=
{(x,y) such that x can produce y}, and 8 is the infimum coefficient for dividing y to project
the observed output vector radially on the frontier production vector, given x (Nin et al., 2003).
The MPI is estimated as the geometric mean of two Malmquist matrixes by solving the following
linear-programming problems to obtain estimations of four types of distance functions® (Fare et
al., 1994).

% Itis identical to D, (x,y) = inf{0: (x,y/6) € S}.
> Dt(xt'yt) is a column vector of the distance function for all the regions, e.g., Dt(xt,yt) =
(Dl,t(xl,t,yl,t): . DI,t(xI,t,yI,t))' The notation in the distance functions and MPI is in line with Fare et al., 1994, but

it slightly differs from that in the other indices. x refers to the input and y is the output. The specification should be
clear in the context.
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Y, =s,t
where i,ii € {1,...,I};1 =10;t € {1,..,T}E3 T = 11; Xi,p,m refers to m inputs and Vign iS T
outputs in time step ¢. In the presented analysis, M = 3 includes the production factor
requirement costs (a package of capital, labor and fertilizer costs in MAgPIE), cropland area and
amount of water used for irrigation. N = 1 refers to the aggregated crop production, and z; , is

(2)

the weights applied to both the inputs and outputs in time step ). We assume constant returns
to scale so that no additional constraints on the weights are required.

The MPI is then calculated using the following general form:

1
Der1(Xt41,Ye+1) | De(Xee1,Ye41) De(xeye) |2 (3)

M(x X =
( t+1 Ye+ 1 t'Yt) D¢(x¢,yt) Dey1(Xe41,Ye+1) Des1(Xe.Ye)

The TFP change can be decomposed into the shift of technology (i.e., technical change, the part
inside the square brackets, which is estimated as the geometric mean of the technological shifts
evaluated at t and t + 1), and the catch-up to the frontier (the part outside the square brackets)
(Fare et al., 1994). The latter refers to the gaps between the observed production and the
maximum potential production for the two time steps, representing that regions converge
toward the long-term production frontier. The long-term production frontier is SSP-specific, but
it is assumed to be common for all the regions in a single SSP. To overcome the dimensionality
problem (Coelli and Rao, 2005), various crops are aggregated into one single output for the
estimation of the MPI. Different from constructing land quality indicators based on shares of
irrigated land to correct the biases in the analysis of the TFP (Craig et al., 1997; Wiebe et al., 2003;
Fuglie, 2008), we estimate the MPI by considering the amount of water directly as an input, which
represents the land quality adjusted by the weights for irrigated and rain-fed cropland.

Estimating the global MPI directly for each SSP is infeasible because the linear programming
problems for the estimation cannot be solved. To overcome this problem, studies incorporate
global data directly with regional data (Ludena et al., 2007), but this violates a key assumption of
DEA that the production units under assessment are comparable to each other (Dyson et al.,
2001). A more theoretically sound way to compute the global MPI is by constructing a weighted
average index based on the distance functions estimated from the regional data with appropriate
weighting (Fare and Zelenyuk, 2003; Coelli and Rao, 2005). The aggregation scheme in this study
is adopted according to the method derived by Fare and Zelenyuk (2003) and Zelenyuk (2006)
based on production duality (see the details in S4). Similar to the regional MPI, the global MPI
can also be decomposed into the shift of the production frontier and the catch-up to the frontier.
To sum up, this study applies a modeling approach in combination with nonparametric
estimation (Tab.1) to study the channels of improving productivity and its interaction with
cropland expansion and impacts on food prices.
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Tab.1. Main features of the different productivity measures used in the study.

Productivity index Type of Included input factors Estimation method
productivity
measure
Land-use intensity PFP Investment in R&D, Endogenously determined
production factor costs by solving the optimization
problem
Average yields PFP Investment in R&D, Postcalculation based on
production factor costs, the model output

cropland area

MPI TFP Production factor costs, Postcalculation based on
cropland area, used the model output
water amount

3 Scenarios
3.1 Shared socioeconomic pathways

In the future, as the global population continues to grow, intertwined with higher purchasing
power, especially in developing and emerging countries, increasing demand for crops and
livestock products can be anticipated (Bodirsky et al., 2015; Ruttan, 2002). Since the demand
strongly depends on uncertain trends such as population and economic growth, it is unclear how
the demand for agricultural goods will evolve, and it is uncertain how land dynamics, especially
productivity patterns, will respond to the future demand. The recently developed SSP framework,
depicting the plausible future changes in demographics, the economy, technology, and the
environment (O’Neill et al., 2017; Popp et al., 2017; Riahi et al., 2017), has been applied in
combination with the modeling approach to explore the coherent formulation of strategies for
achieving the sustainable development goals (SDGs) (van Vuuren et al., 2015; Obersteiner et al.,
2016). The SSP framework will be used in this study to construct five different scenarios with
respect to the socioeconomic conditions for the analysis.

3.2 Assumptions of relevant factors in SSPs
Different assumptions of SSPs regarding the stylized indicators are shortly introduced as follows.

e SSP1 (Sustainability): A sustainably developed world with low population growth and high
per-capita income, along with reduced global inequalities. These developments go hand
in hand with high education and fast technological progress, also in the agricultural sector.
The lifestyles are sustainable and the environmental legislation is progressive.

e SSP2 (Middle of the road): A middle of the road scenario means business as usual, keeping
the currently observed trends. SSP2 is considered to be the benchmark in this study.

e SSP3 (Regional rivalry): A world with regional conflicts and limited cooperation between
regions, e.g., trade conflicts, leads to reduced global trade flows, slow technological



271 change and development, a fast growing population, low investments in human capital,

272 and unfavorable and weak institutions.

273 ® SSP4 (Inequality): A separate and unequal world in which there is rapid technological
274 development and economic growth in developed regions while some of the least-
275 developed regions become disconnected from progress in the remaining world and face
276 high population growth, poor governance and low economic growth.

277 e SSP5 (Conventional development): A world in which rapid and globalized economic
278 growth is based on rapid technological progress, free trade, and conventional carbon-
279 intensive development. Living standards are high throughout the world and go along with
280 high energy consumption, and dietary patterns are characterized by high per-capita
281 demand, in particular for animal-based products. Institutional stability allows for a
282 favorable investment environment.

283  The qualitative storylines of the SSPs, the quantitative population (Kc and Lutz, 2017) and income
284  scenarios (Dellink et al., 2017) are used to parameterize the MAgPIE model, e.g., with respect to
285  the trends in trade liberalization, environmental restrictions and costs of technological change
286  (Error! Reference source not found.). The population and income scenarios of the SSPs are
287  translated into demand for crop and livestock products, while different trajectories of economic
288  development influence dietary preferences such as the share of meat consumption and the
289  amount of calories consumed or wasted per person. The projections of the crop demand under
290 different SSPs are shown in Fig.SI-2. The SSP indicator “environment” is implemented in the
291  model through the protection levels of ecosystems, such as forests. “Technology” in MAgPIE is
292  parameterized as the soil nitrogen uptake efficiency and livestock efficiency (the amount of feed
293  needed to produce a certain amount of livestock products), but crop productivity changes are
294  determined endogenously in the optimization. Implementing trade liberalization based on
295  different self-sufficiency rates in the model represents the dimension of “globalization” of the
296  SSP storylines. By following the narratives about institutional quality, we include risk-accounting
297 factors to represent political stability and governance performance in SSPs, which affects
298 investment risks and uncertainties through different discount rates. High investment risks reduce
299  capital investments in agricultural production and encourage cropland expansion (Deacon, 1994,
300 1999; Bohn and Deacon, 2000). We, therefore, use the annual interest rates as discount rates,
301 based on a literature range of 4-12% (IPCC, 2007), as a proxy for the risk-accounting factors
302  associated with governance performance (Wang et al., 2016).

303 4 Results and discussion
304 4.1 Land productivity growth under SSPs

305 Theland productivity is measured as PFP using both the land-use intensity and yield index, where
306 the land-use intensity refers to homogenous land quality and the yield index encompasses
307 heterogeneous land quality. By 2050, the global land-use intensity is expected to increase by 94.8%
308 and 77.3% under SSP5 and SSP1, respectively (Fig.1). SSP3 also shows a relatively strong increase
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in land-use intensity of 74.2%, while SSP2 and SSP4 experience relatively low land-use intensity
growth, at the rates of 60.8% and 45.9%, respectively.
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Fig.1. Global land-use intensity (left panel) and yield index (right panel) for each SSP by 2050.

The land-use intensity in the model is mainly affected by two factors, namely, the risks associated
with investment and the pressure from the increasing crop demand. Investment risks and
uncertainties associated with investments, which determine the attractiveness of agricultural
technologies, are influenced by the institutional environment (Deacon, 1994, 1999; Bohn and
Deacon, 2000; Deininger et al., 2014; Wang et al., 2016). In particular, Wang et al. (2016) find
that land-use intensity increases when the governance performance is strong. Following the
same logic, SSP5 and SSP1 are characterized by fast economic growth and a stable institutional
environment, resulting in fast technological progress and high land-use intensity. This leads to a
deceleration of cropland expansion in these two scenarios since the increasing demand is mainly
satisfied by intensified production and vyield improvements resulting from technological
investments. In contrast, there is more cropland expansion in SSP2, SSP3, and SSP4 than in SSP1
and SSP5 (Error! Reference source not found.).

Pressure from the demand side, which is transmitted to the production side (Error! Reference
source not found.), is another key factor driving the land-use intensity. As shown in Fig.1, the
global land-use intensity growth rate in SSP3 is 13.4 percentage points higher than that in SSP2
in 2050 and close to that in SSP1, despite the lower investment risks in SSP1 and SSP2. This is due
to the high population growth increasing the demand for crop products and the limited
opportunities for international trade in SSP3 (Error! Reference source not found.). Thus,
technological progress as an endogenous response mechanism is the last resort for increasing
the land-use intensity. This is specifically true for the developing regions, such as AFR, MEA, and
SAS, which have very high population growth in SSP3 and, therefore, even higher land-use
intensity increases than those in the developed regions (Error! Reference source not found.). In
this scenario, it is arguable whether the projected increase in the per-capita demand can actually
be realized since high prices would lead to reduced demand, including a higher degree of
undernourishment.
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The yield indey, i.e., the average yield change, also indicates the continuous growth of the global
land productivity over time for all SSPs (Fig.1). By 2050, SSP1 has the highest average yields, which
are more than twice as high as those in 1995, followed by SSP5 (124.9%) and SSP2 (93.1%). SSP3
and SSP4 have the lowest growth rates of average yields at 83.0% and 78.1%, respectively. Since
the yield index is a weighted measure, the model results indicate that the average yield is driven
by cropland expansion into areas with different agricultural suitability and land-use intensity
growth. For instance, in SSP1 that features low investment risks and population pressure with
globalized international trade, modest cropland expansion and high land-use intensity lead to
high average vyields, and vice versa for SSP3. Cropland expansion affects average yields through
the initial yields of newly converted cropland, which is mainly dependent on irrigation conditions.
From 1995 to 2050, the shares of irrigated area in SSP1, SSP2 and SSP5 increase by 18%, 13%,
and 10%, respectively, indicating that crop production is mainly concentrated in the irrigated area
(Tab.2). In particular, the share of the irrigated area continues to rise at a steady pace in SSP1
from 2015 to 2050. By contrast, the shares of irrigated area in SSP3 and SSP4 reach the highest
levels in 2025 and 2015, respectively, and then decrease hereafter. This is due to the large
expansion of rain-fed cropland area, in particular in SAS for SSP3 and in NAM for SSP4 (Error!
Reference source not found.). The relatively low initial yield of rain-fed cropland can decrease
the average yield level.

Tab.2. Changes in the share of irrigated area w.r.t. the total cropland area.

Year SSP1 SSP2 SSP3 SSP4 SSP5
1995 1.00 1.00 1.00 1.00 1.00
2005 1.03 1.01 1.01 1.03 1.01
2010 1.08 1.05 1.04 1.06 1.05
2015 1.03 1.09 1.07 1.04 0.97
2020 1.04 1.10 1.10 1.04 0.96
2025 1.04 1.10 1.13 1.01 0.96
2030 1.06 1.10 1.08 1.01 0.99
2035 1.11 1.09 1.05 0.97 1.01
2040 1.15 1.09 1.03 0.98 1.01
2045 1.17 1.11 1.03 0.99 1.03
2050 1.18 1.13 1.01 1.00 1.10

The lower yields in newly converted rainfed cropland in SSP3 result in lower average yields
compared to SSP2, which offset the effects of the higher land-use intensity in SSP3. Due to a
similar reason, SSP1 has higher average yields than SSP5, despite the lower land-use intensity.
The findings are consistent with Proposition S.2 derived in the method section, stating that
expanding cropland into areas with lower than average yields leads to a decreasing yield index.
They also explain why the order of future land productivity in the SSPs indicated by the land-use
intensity index is different from the order indicated by the yield index. The combined effects of
land-use intensity growth and the initial yields of newly converted cropland jointly determine the
changes in the average yields at the regional level. Taking the regional yield index in SSP3 as an
example, AFR has a larger increase in land-use intensity and average yields (Error! Reference
source not found. and Error! Reference source not found.) than LAM because AFR has to rely on
increasing technological investments for fulfilling the demand driven by very high population
growth while regions such as LAM and FSU with less increase in the agricultural demand can still
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expand their cropland area. Hence, if there is a high enough land-use intensity growth, it is
possible to overcome the adverse effects of cropland expansion on average yields, resulting in
an overall high average yield growth.

4.2 TFP growth under SSPs by 2050

The productivity growth measured by the land-use intensity and yield index shows how different
parts of the land productivity will develop under different socioeconomic conditions. The global
cumulative MPI derived in the study captures the full scope of the output growth relative to the
growth of all the inputs including the cropland area, production factor costs and amount of water
used for irrigation. The projection of TFP growth is first compared to the available historical and
projection data in the literature (Ludena et al., 2007). In contrast to the prediction based on the
estimates of historical data, which is likely to be the extrapolation of the historical productivity
growth, the results in the presented study indicate that the projection has large spans when
taking into account the changes in socioeconomic conditions (Fig.2). In combination with the
other two productivity measures, the results show that the annual growth rates of the regional
productivity vary across different SSPs (Error! Reference source not found.), suggesting the
important influences of the socioeconomic factors on productivity changes.
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Fig.2. Regional cumulative TFP growth. The validation data is derived based on the annual average rate of TFP
changes from the periods of 1960-1980, 1981-2000, and 2000-2040 based on the study of Ludena et al. (2007).

By 2050, there is the highest growth of the global TFP in SSP1 (75.9%), followed by SSP5 (42.2%),
SSP4 (37.9%) and SSP2 (33.4%) (Fig.3). SSP3 lies at the bottom, indicating the lowest growth in
TFP, with an increase of 30.2% by 2050. Instead of relying on a limited time series of historical
data to estimate TFP changes, the approach in the present study is likely to capture the structural
change due to changes in socioeconomic conditions.
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Fig.3. Global cumulative TFP growth for each SSP by 2050.

The TFP growth has profound implications for food prices. The model results suggest that
changes in food prices are negatively associated with TFP growth but positively associated with
cropland expansion (Fig.4). Specifically, the ratio between the TFP growth and cropland
expansion has significant impacts on food prices, with prices decreasing when productivity grows
faster than cropland expands and vice versa. SSP1 and SSP5 are projected to have pronounced
TFP growth of 62.6% and 32.2%, respectively, from 2005 to 2050. The substantial TFP growth in
SSP1 and SSP5 is associated with decreased food prices (23.0% in SSP1 and 11.0% in SSP5) and
minor increases in cropland area (6.2% in SSP1 and 11.2% in SSP5). In SSP2 and SSP4, there is also
TFP growth, but it is associated with increased food prices and slightly higher cropland expansion
compared to SSP1 and SSP5. Conversely, in SSP3, food prices increase substantially, while the TFP
grows by 21.0% and cropland expands by 38.7% from 2005 to 2050. The results of an ordinary
least squares estimation (Error! Reference source not found.) confirm that increasing the ratio
between the TFP growth and cropland expansion has a negative and statistically significant effect
on food prices, suggesting that increasing the ratio by one unit will decrease the global food
prices by 17.83%. Investing in productivity improvements appears to be an effective way to
ensure the availability of food, which is essential for reducing poverty and hunger, and to spare
cropland, which improves the sustainable use of terrestrial ecosystems as part of the SDGs(Foley
et al., 2011; Tilman et al., 2011; Havlik et al., 2013).
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Fig.4. Growth rates of the TFP, food prices and cropland in 2050 w.r.t 2005 for the SSPs.

The global TFP growth is mainly driven by technological progress (i.e., shifts of the production
frontier) rather than the convergence of regions to the maximum production potential (i.e.,
catch-up), as shown in Tab.3. In particular, there is a large shift of the production frontier in SSP1
at the global level, with an annual average increase of 1.4% from 1995 to 2050. Since the global
MPI is derived as a weighted average of the regional MPIs, it is worth looking at the components
of the TFP at the regional level. Taking SSP2 and SSP4 as examples, the higher global TFP growth
in SSP4 than in SSP2 reflects that the large production regions, such as CPA, LAM, and NAM, have
higher regional TFP growth in SSP4. The order of the SSPs indicated by the MPI generally
corresponds to the SSP narratives, in particular for SSP3. It is noticeable that the regional TFP,
especially in developing regions, is also mainly driven by shifts of the production frontier (i.e., 32
of 40 regional catch-up scores are less than unity), consistent with the historical trend (Nin et al.,
2003). Several regions in SSP5, such as AFR, FSU, LAM, MEA, PAS, and SAS, converge to the long-
term production frontier. This suggests that SSP5 is the pathway with the fastest convergence of
productivity for developing regions. Among all regions, LAM is the only region showing
convergence (with an average annual rate of 0.1%) across all SSPs, while CPA has a unity score
for convergence in all SSPs.
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433 Tab.3. Average rates of the shift of technology, catch-up, and TFP change from 1995 to 2050 across the SSPs.

AFR CPA EUR FSU LAM MEA NAM PAO PAS SAS Global

Shift of technology  1.013 1.012 1.011 1.009 1.017 1.018 1.013 1.017 1.017 1.013 1.014

SSP1 Catch-up 0.996 1.000 0.994 0.998 1.001 0.997 0.993 0.992 0.998 0.995 0.997
TFP change 1.009 1.012 1.006 1.007 1.018 1.015 1.005 1.008 1.016 1.007 1.010

Shift of technology  1.006 1.009 1.004 1.005 1.008 1.010 1.005 1.009 1.007 1.005 1.006

SSP2 Catch-up 1.000 1.000 0.996 0.997 1.000 0.997 0.997 0.999 0.995 0.999 0.999
TFP change 1.006 1.009 1.000 1.002 1.009 1.008 1.003 1.008 1.002 1.004 1.005

Shift of technology  1.007 1.008 1.003 1.005 1.006 1.008 1.004 1.007 1.008 1.004 1.006

SSP3 Catch-up 1.000 1.000 0.999 0.998 1.000 1.000 0.997 0.999 0.997 1.001 0.999
TFP change 1.007 1.008 1.002 1.003 1.007 1.007 1.001 1.006 1.005 1.005 1.005

Shift of technology  1.005 1.010 1.005 1.007 1.009 1.009 1.004 1.008 1.008 1.006 1.007

SSP4 Catch-up 0.997 1.000 0.999 1.000 1.001 0.997 0.998 1.001 0.994 0.998 0.999
TFP change 1.002 1.010 1.004 1.007 1.010 1.006 1.002 1.009 1.002 1.004 1.006

Shift of technology  1.006 1.012 1.005 1.010 1.008 1.011 1.003 1.010 1.010 1.003 1.007

SSP5 Catch-up 1.000 1.000 0.998 1.000 1.000 1.002 0.996 0.999 1.002 1.002 1.000
TFP change 1.006 1.012 1.003 1.010 1.008 1.013 0.999 1.009 1.011 1.004 1.006

434 Note: Values larger than unity indicate an increase in the shift of technology or catch-up. For comparison reasons, the values are given with three digits after the
435 decimal.
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Although the average results (Tab.3) show an increase in the shift of the production frontier
for all regions in all SSPs, they do not identify which regions push forward the long-term
production frontier. Recall that the MPI measures capture the performance of the productivity
relative to the best practice in the sample, where the best practice represents the “world
frontier” (Fare et al., 1994). By looking at the component distance functions in the index of
the shift of the production frontier (see the details in Fare et al. (1994)), the study finds that
regions such as EUR, NAM, CPA, and LAM often determine the global frontier in the first time
steps, and CPA and LAM often determine the global frontier in the later time steps (Error!
Reference source not found.). Rather than using techniques such as second-stage regressions
(Chen et al., 2008; Headey et al., 2010) to pinpoint the underlying driving factors behind the
MPI, the study can provide insights into the possible factors affecting the shift of the
production frontier with a priori information from simulating land dynamics in the MAgPIE
model and the insights gained from analyzing PFP measures. Taking CPA and LAM as examples,
the average rate of the shift of the production frontier for the SSPs is 0.8-1.2% and 0.6-1.7%,
respectively, indicating robust growth. One source of the shift of the production frontier is
due to changes in management and increases in technological investments, which are partly
affected by the overall institutional environment. For instance, the empirical analysis of the
TFP in the literature shows the positive impacts of institutional change in China on the
adoption of new rice varieties during the rural reform period (Lin, 1991) and the overall
agricultural productivity (Gong, 2018). The positive effect of irrigation technologies on
production is another cause of the shift of the frontier. The result is consistent with other
studies that indicate that irrigation mainly affects the shift of the production frontier (Fan,
1991; Jin et al., 2002; Chen et al., 2008).

5 Conclusions

Measuring productivity entails different ways that consider different types of production
inputs. By synthesizing the findings of productivity growth indicated by the PFP and TFP
measures, the study shows that there is likely to be a continuous growth of the global crop
productivity for a broad span of different future socioeconomic conditions, but the ranking of
the SSPs regarding growth rates varies across productivity measures. In particular, SSP5 has
the highest land-use intensity by 2050 while SSP1 has the highest average yields and TFP. In a
world with fast economic growth, strong governance performance and relatively slow
population growth (SSP1 and SSP5), the food demand in 2050 can be met without aggressive
cropland expansion. Productivity growth occurs through the adoption of high-yield
technologies and improved irrigation. In contrast, low economic growth, weak governance
performance, and very high food demand driven by fast population growth (SSP3) will require
high land-use intensity together with vast cropland expansion into rain-fed areas to fulfill the
demands but this will result in low TFP growth. Whether it is feasible to feed an increasing
population under these circumstances can be doubted based on the results. A reason for
concern is the low TFP growth in SSP3, especially in developing regions. Under the conditions
of high population and low income growth, food insecurity in SSP3 is likely to become worse
in developing regions. In all SSPs except SSP5, the TFP growth is driven not only by shifts of
the production frontier, based on investments in yield-augmenting technologies and
management improvements affecting land-use intensity, but also by the investment in
irrigation technologies, which is not part of the land-use intensity measure. This confirms the
necessity of increasing investment in R&D and infrastructure to meet the increasing food
demand and to avoid large-scale cropland expansion, especially in the face of fast population
growth. SSP5 is featured as a pathway with fast convergence toward the long-term production
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frontier across developing regions. The ratio between the TFP growth and cropland expansion
has significant impacts on food prices, with decreasing prices when productivity grows faster
than cropland expands and vice versa. Investing in productivity improvement appears to be
an effective means for ensuring food availability and sparing cropland, which can contribute
to the achievement of SDGs.

Author contributions

XW, JPD, and HLC developed the research idea. XW and JPD developed and implemented the
research method. XW conducted the analysis and wrote the manuscript. XW and BB
contributed to the method of improving the estimation of global productivity changes, and
XW implemented the method. JPD, HLC, BLB, AB, MS, AP, and XW developed the MAgPIE
model. JPD, AB, HLC, BLB, AP, MS, and BB provided comments.

Author statement

The authors declare that there is no conflict of interest. The usual disclaimer applies.

Acknowledgments

We are grateful to Chantal Le Mouél, Lu Yu, Keith Fuglie, Jochen Kantelhardt, and Isabelle
Weindl| for their valuable advice. We want to thank the anonymous reviewers for their
constructive comments. The authors also appreciate the comments from participants at
conferences in Milan and Potsdam. The research has received funding from the German
Federal Ministry of Education and Research (BMBF) under reference number FKZ 031B0170A
(SUSTAg). Xiaoxi Wang received a PhD scholarship from the Heinrich Boll Stiftung and seed
funding from the Zhejiang University under the Hundred Talent Program. The usual disclaimer
applies.

Supplementary materials

Supplementary material associated with this article can be found, in the online version, at
doi:10.1016/j.techfore. 2020.120208.

References

Akgul, Z., Villoria, N.B., Hertel, T.W., 2016. GTAP-HET: Introducing Firm Heterogeneity into the
GTAPModel. J. Glob. Econ. Anal. 1, 111-180. https://doi.org/10.21642/JGEA.010102AF

Alston, J.M., 2018. Reflections on Agricultural R&D, Productivity, and the Data Constraint: Unfinished
Business, Unsettled Issues. Am. J. Agric. Econ. 100, 392-413.
https://doi.org/10.1093/ajae/aax094

Arrow, K.J., 1962. The Economic Implications of Learning by Doing. Rev. Econ. Stud. 29, 155-173.
https://doi.org/10.2307/2295952

Baker, J.S., Murray, B.C., McCarl, B.A., Feng, S., Johansson, R., 2012. Implications of Alternative
Agricultural Productivity Growth Assumptions on Land Management, Greenhouse Gas

18



524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575

Emissions, and Mitigation Potential. Am. J. Agric. Econ. aas114.
https://doi.org/10.1093/ajae/aas114

Balistreri, E.J., Bohringer, C., Rutherford, T.F., 2018. Carbon policy and the structure of global trade.
World Econ. 41, 194-221. https://doi.org/10.1111/twec.12535

Barrett, C.B., Carter, M.R., Timmer, C.P., 2010. A Century-Long Perspective on Agricultural
Development. Am. J. Agric. Econ. 92, 447—-468. https://doi.org/10.1093/ajae/aaq005

Bodirsky, B.L., Rolinski, S., Biewald, A., Weindl|, I., Popp, A., Lotze-Campen, H., 2015. Global Food
Demand Scenarios for the 21st Century. PLoS ONE 10, e0139201.
https://doi.org/10.1371/journal.pone.0139201

Bohn, H., Deacon, R.T., 2000. Ownership Risk, Investment, and the Use of Natural Resources. Am.
Econ. Rev. 90, 526-549. https://doi.org/10.1257/aer.90.3.526

Bondeau, A., Smith, P.C., Zaehle, S., Schaphoff, S., Lucht, W., Cramer, W., Gerten, D., Lotze-Campen,
H., Mdiller, C., Reichstein, M., Smith, B., 2007. Modelling the role of agriculture for the 20th
century global terrestrial carbon balance. Glob. Change Biol. 13, 679-706.
https://doi.org/10.1111/j.1365-2486.2006.01305.x

Boserup, E., 1975. The Impact of Population Growth on Agricultural Output. Q. J. Econ. 89, 257-270.
https://doi.org/10.2307/1884430

Chen, P.-C., Yu, M.-M., Chang, C.-C., Hsu, S.-H., 2008. Total factor productivity growth in China’s
agricultural sector. China Econ. Rev. 19, 580-593.
https://doi.org/10.1016/j.chieco.2008.07.001

Coelli, T.J., Rao, D.S.P., 2005. Total factor productivity growth in agriculture: a Malmquist index
analysis of 93 countries, 1980-2000. Agric. Econ. 32, 115-134.
https://doi.org/10.1111/j.0169-5150.2004.00018.x

Craig, B.J., Pardey, P.G., Roseboom, J., 1997. International Productivity Patterns: Accounting for Input
Quality, Infrastructure, and Research. Am. J. Agric. Econ. 79, 1064—-1076.
https://doi.org/10.2307/1244264

De Loecker, J., 2007. Do exports generate higher productivity? Evidence from Slovenia. J. Int. Econ.
73, 69-98. https://doi.org/10.1016/].jinteco.2007.03.003

Deacon, R.T., 1999. Deforestation and Ownership: Evidence from Historical Accounts and
Contemporary Data. Land Econ. 75, 341-359. https://doi.org/10.2307/3147182

Deacon, R.T., 1994. Deforestation and the Rule of Law in a Cross-Section of Countries. Land Econ. 70,
414-430. https://doi.org/10.2307/3146638

Deininger, K., Jin, S., Xia, F., Huang, J., 2014. Moving Off the Farm: Land Institutions to Facilitate
Structural Transformation and Agricultural Productivity Growth in China. World Dev. 59, 505—
520. https://doi.org/10.1016/j.worlddev.2013.10.009

Del Gatto, M., Di Liberto, A., Petraglia, C., 2011. Measuring Productivity. J. Econ. Surv. 25, 952—-1008.
https://doi.org/10.1111/j.1467-6419.2009.00620.x

Dellink, R., Chateau, J., Lanzi, E., Magné, B., 2017. Long-term economic growth projections in the
Shared Socioeconomic Pathways. Glob. Environ. Change 42, 200-214.
https://doi.org/10.1016/j.gloenvcha.2015.06.004

Dietrich, J.P., Bodirsky, B.L., Humpendder, F., Weindl|, I., Bonsch, M., Stevanovic, M., Biewald, A.,
Wang, X., David, K., Popp, A., 2019. MAgPIE 3.0 Model Documentation.
https://doi.org/10.5281/zenodo.3474861

Dietrich, J.P., Schmitz, C., Lotze-Campen, H., Popp, A., Miiller, C., 2014. Forecasting technological
change in agriculture—An endogenous implementation in a global land use model. Technol.
Forecast. Soc. Change 81, 236-249. https://doi.org/10.1016/].techfore.2013.02.003

Dietrich, J.P., Schmitz, C., Miller, C., Fader, M., Lotze-Campen, H., Popp, A., 2012. Measuring
agricultural land-use intensity — A global analysis using a model-assisted approach. Ecol.
Model. 232, 109-118. https://doi.org/10.1016/j.ecolmodel.2012.03.002

Dyson, R.G., Allen, R., Camanho, A.S., Podinovski, V.V., Sarrico, C.S., Shale, E.A., 2001. Pitfalls and
protocols in DEA. Eur. J. Oper. Res., Data Envelopment Analysis 132, 245-259.
https://doi.org/10.1016/50377-2217(00)00149-1

19



576 Fan, S., 1991. Effects of Technological Change and Institutional Reform on Production Growth in

577 Chinese Agriculture. Am. J. Agric. Econ. 73, 266—275. https://doi.org/10.2307/1242711
578 Fare, R., Grosskopf, S., Norris, M., Zhang, Z., 1994. Productivity Growth, Technical Progress, and
579 Efficiency Change in Industrialized Countries. Am. Econ. Rev. 84, 66—83.

580 Fare, R., Zelenyuk, V., 2003. On aggregate Farrell efficiencies. Eur. J. Oper. Res. 146, 615-620.

581 https://doi.org/10.1016/50377-2217(02)00259-X

582 Foley, J.A., Ramankutty, N., Brauman, K.A., Cassidy, E.S., Gerber, J.S., Johnston, M., Mueller, N.D.,
583 O’Connell, C., Ray, D.K., West, P.C., Balzer, C., Bennett, E.M., Carpenter, S.R., Hill, J.,

584 Monfreda, C., Polasky, S., Rockstrom, J., Sheehan, J., Siebert, S., Tilman, D., Zaks, D.P.M.,
585 2011. Solutions for a cultivated planet. Nature 478, 337—-342.

586 https://doi.org/10.1038/nature10452

587 Fuglie, K.O., 2008. Is a slowdown in agricultural productivity growth contributing to the rise in
588 commodity prices? Agric. Econ. 39, 431-441. https://doi.org/10.1111/j.1574-

589 0862.2008.00349.x

590 Gibbs, H.K., Ruesch, A.S., Achard, F., Clayton, M.K., Holmgren, P., Ramankutty, N., Foley, J.A., 2010.
591 Tropical forests were the primary sources of new agricultural land in the 1980s and 1990s.
592 Proc. Natl. Acad. Sci. 107, 16732—-16737. https://doi.org/10.1073/pnas.0910275107

593  Gong, B., 2018. Agricultural reforms and production in China: Changes in provincial production
594 function and productivity in 1978-2015. J. Dev. Econ. 132, 18-31.

595 https://doi.org/10.1016/].jdeveco.2017.12.005

596  Gong, B., Sickles, R.C., 2020. Nonstructural and structural models in productivity analysis: study of
597 the British Isles during the 2007-2009 financial crisis. J. Prod. Anal. 53, 243-263.

598 https://doi.org/10.1007/s11123-019-00571-8.

599 Griliches, Z., 1963. The Sources of Measured Productivity Growth: United States Agriculture, 1940-60.
600 J. Polit. Econ. 71, 331-346.

601  Griliches, Z., 1957. Hybrid Corn: An Exploration in the Economics of Technological Change.

602 Econometrica 25, 501. https://doi.org/10.2307/1905380

603 Hansen, G.D., Prescott, E.C., 2002. Malthus to Solow. Am. Econ. Rev. 92, 1205-1217.

604 Havlik, P., Valin, H., Mosnier, A., Obersteiner, M., Baker, J.S., Herrero, M., Rufino, M.C., Schmid, E.,

605 2013. Crop Productivity and the Global Livestock Sector: Implications for Land Use Change
606 and Greenhouse Gas Emissions. Am. J. Agric. Econ. 95, 442—-448.

607 https://doi.org/10.1093/ajae/aas085

608 Havlik, P., Valin, H., Mosnier, A., Obersteiner, M., Baker, J.S., Herrero, M., Rufino, M.C., Schmid, E.,
609 2013. Crop Productivity and the Global Livestock Sector: Implications for Land Use Change
610 and Greenhouse Gas Emissions. Am. J. Agric. Econ. 95, 442—-448.

611 https://doi.org/10.1093/ajae/aas085

612 Headey, D., Alauddin, M., Rao, D.S.P., 2010. Explaining agricultural productivity growth: an

613 international perspective. Agric. Econ. 41, 1-14. https://doi.org/10.1111/j.1574-

614 0862.2009.00420.x

615 Hertel, T.W., Baldos, U.L.C., van der Mensbrugghe, D., 2016. Predicting Long-Term Food Demand,
616 Cropland Use, and Prices. Annu. Rev. Resour. Econ. 8, 417-441.

617 Intergovernmental Panel on Climate Change (Ed.), 2007. Climate change 2007: mitigation of climate
618 change: contribution of Working Group Ill to the Fourth assessment report of the

619 Intergovernmental Panel on Climate Change. Cambridge University Press, Cambridge ; New
620 York.

621 Jin, S., Huang, J., Hu, R., Rozelle, S., 2002. The Creation and Spread of Technology and Total Factor
622 Productivity in China’s Agriculture. Am. J. Agric. Econ. 84, 916-930.

623 Kc, S., Lutz, W., 2017. The human core of the shared socioeconomic pathways: Population scenarios
624 by age, sex and level of education for all countries to 2100. Glob. Environ. Change 42, 181—
625 192. https://doi.org/10.1016/j.gloenvcha.2014.06.004

20



626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677

Krause, M., Lotze-Campen, H., Popp, A., Dietrich, J.P., Bonsch, M., 2013. Conservation of undisturbed
natural forests and economic impacts on agriculture. Land Use Policy 30, 344—-354.
https://doi.org/10.1016/j.landusepol.2012.03.020

Lambin, E.F., Geist, H.J., Lepers, E., 2003. Dynamics of Land-Use and Land-Cover Change in Tropical
Regions. Annu. Rev. Environ. Resour. 28, 205-241.
https://doi.org/10.1146/annurev.energy.28.050302.105459

Lin, J.Y., 1991. The household responsibility system reform and the adoption of hybrid rice in China. J.
Dev. Econ. 36, 353—372. https://doi.org/10.1016/0304-3878(91)90041-S

Lotze-Campen, H., Miiller, C., Bondeau, A., Rost, S., Popp, A., Lucht, W., 2008. Global food demand,
productivity growth, and the scarcity of land and water resources: a spatially explicit
mathematical programming approach. Agric. Econ. 39, 325-338.
https://doi.org/10.1111/j.1574-0862.2008.00336.x

Lotze-Campen, H., Popp, A., Beringer, T., Miiller, C., Bondeau, A., Rost, S., Lucht, W., 2010. Scenarios
of global bioenergy production: The trade-offs between agricultural expansion,
intensification and trade. Ecol. Model., Model-based Systems to Support Impact Assessment
- Methods, Tools and Applications 221, 2188-2196.
https://doi.org/10.1016/j.ecolmodel.2009.10.002

Lucas, R.E., 1988. On the mechanics of economic development. J. Monet. Econ. 22, 3—42.
https://doi.org/10.1016/0304-3932(88)90168-7

Ludena, C.E., Hertel, T.W., Preckel, P.V., Foster, K., Nin, A., 2007. Productivity growth and
convergence in crop, ruminant, and nonruminant production: measurement and forecasts.
Agric. Econ. 37, 1-17. https://doi.org/10.1111/j.1574-0862.2007.00218.x

Miiller, C., Robertson, R.D., 2014. Projecting future crop productivity for global economic modeling.
Agric. Econ. 45, 37-50. https://doi.org/10.1111/agec.12088

Nin, A., Arndt, C., Preckel, P.V., 2003. Is agricultural productivity in developing countries really
shrinking? New evidence using a modified nonparametric approach. J. Dev. Econ. 71, 395—
415. https://doi.org/10.1016/50304-3878(03)00034-8

Obersteiner, M., Walsh, B., Frank, S., Havlik, P., Cantele, M., Liu, J., Palazzo, A., Herrero, M., Lu, Y.,
Mosnier, A., Valin, H., Riahi, K., Kraxner, F., Fritz, S., van Vuuren, D., 2016. Assessing the land
resource—food price nexus of the Sustainable Development Goals. Sci. Adv. 2, e1501499.
https://doi.org/10.1126/sciadv.1501499

O’Neill, B.C., Kriegler, E., Ebi, K.L., Kemp-Benedict, E., Riahi, K., Rothman, D.S., van Ruijven, B.J., van
Vuuren, D.P., Birkmann, J., Kok, K., Levy, M., Solecki, W., 2017. The roads ahead: Narratives
for shared socioeconomic pathways describing world futures in the 21st century. Glob.
Environ. Change 42, 169-180. https://doi.org/10.1016/j.gloenvcha.2015.01.004

Popp, A., Calvin, K., Fujimori, S., Havlik, P., Humpendder, F., Stehfest, E., Bodirsky, B.L., Dietrich, J.P.,
Doelmann, J.C., Gusti, M., Hasegawa, T., Kyle, P., Obersteiner, M., Tabeau, A., Takahashi, K.,
Valin, H., Waldhoff, S., Weindl, I., Wise, M., Kriegler, E., Lotze-Campen, H., Fricko, O., Riahi,
K., Vuuren, D.P. van, 2017. Land-use futures in the shared socio-economic pathways. Glob.
Environ. Change 42, 331-345. https://doi.org/10.1016/j.gloenvcha.2016.10.002

Popp, A., Humpendder, F., Weindl|, ., Bodirsky, B.L., Bonsch, M., Lotze-Campen, H., Miiller, C.,
Biewald, A., Rolinski, S., Stevanovic, M., Dietrich, J.P., 2014. Land-use protection for climate
change mitigation. Nat. Clim. Change 4, 1095-1098. https://doi.org/10.1038/nclimate2444

Riahi, K., van Vuuren, D.P., Kriegler, E., Edmonds, J., O’Neill, B.C., Fujimori, S., Bauer, N., Calvin, K.,
Dellink, R., Fricko, O., Lutz, W., Popp, A., Cuaresma, J.C., KC, S., Leimbach, M., Jiang, L., Kram,
T.,Rao, S., Emmerling, J., Ebi, K., Hasegawa, T., Havlik, P., Humpendder, F., Da Silva, L.A,,
Smith, S., Stehfest, E., Bosetti, V., Eom, J., Gernaat, D., Masui, T., Rogelj, J., Strefler, J.,
Drouet, L., Krey, V., Luderer, G., Harmsen, M., Takahashi, K., Baumstark, L., Doelman, J.C.,
Kainuma, M., Klimont, Z., Marangoni, G., Lotze-Campen, H., Obersteiner, M., Tabeau, A.,
Tavoni, M., 2017. The Shared Socioeconomic Pathways and their energy, land use, and
greenhouse gas emissions implications: An overview. Glob. Environ. Change 42, 153-168.
https://doi.org/10.1016/j.gloenvcha.2016.05.009

21



678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729

Robinson, S., van Meijl, H., Willenbockel, D., Valin, H., Fujimori, S., Masui, T., Sands, R., Wise, M.,
Calvin, K., Havlik, P., Mason d’Croz, D., Tabeau, A., Kavallari, A., Schmitz, C., Dietrich, J.P., von
Lampe, M., 2014. Comparing supply-side specifications in models of global agriculture and
the food system. Agric. Econ. 45, 21-35. https://doi.org/10.1111/agec.12087

Romer, P.M., 1990. Endogenous Technological Change. J. Polit. Econ. 98, S71-S102.

Romer, P.M., 1986. Increasing Returns and Long-Run Growth. J. Polit. Econ. 94, 1002—-1037.

Rozelle, S., Swinnen, J.F.M., 2004. Success and Failure of Reform: Insights from the Transition of
Agriculture. J. Econ. Lit. 42, 404—456. https://doi.org/10.1257/0022051041409048

Ruttan, V.W., 2002. Productivity Growth in World Agriculture: Sources and Constraints. J. Econ.
Perspect. 16, 161-184.

Sayer, J., Cassman, K.G., 2013. Agricultural innovation to protect the environment. Proc. Natl. Acad.
Sci. 110, 8345-8348. https://doi.org/10.1073/pnas.1208054110

Schmitz, C., Biewald, A., Lotze-Campen, H., Popp, A., Dietrich, J.P., Bodirsky, B., Krause, M., Weind|, .,
2012. Trading more food: Implications for land use, greenhouse gas emissions, and the food
system. Glob. Environ. Change 22, 189-209.
https://doi.org/10.1016/j.gloenvcha.2011.09.013

Schneider, U.A., Havlik, P., Schmid, E., Valin, H., Mosnier, A., Obersteiner, M., Boéttcher, H., Skalsky,
R., Balkovic, J., Sauer, T, Fritz, S., 2011. Impacts of population growth, economic
development, and technical change on global food production and consumption. Agric. Syst.
104, 204-215. https://doi.org/10.1016/j.agsy.2010.11.003

Solow, R.M., 1957. Technical Change and the Aggregate Production Function. Rev. Econ. Stat. 39,
312-320. https://doi.org/10.2307/1926047

Tester, M., Langridge, P., 2010. Breeding Technologies to Increase Crop Production in a Changing
World. Science 327, 818—822. https://doi.org/10.1126/science.1183700

Tilman, D., Balzer, C., Hill, J., Befort, B.L., 2011. Global food demand and the sustainable
intensification of agriculture. Proc. Natl. Acad. Sci. 108, 20260—20264.
https://doi.org/10.1073/pnas.1116437108

Valin, H., Havlik, P., Mosnier, A., Herrero, M., Schmid, E., Obersteiner, M., 2013. Agricultural
productivity and greenhouse gas emissions: trade-offs or synergies between mitigation and
food security? Environ. Res. Lett. 8, 035019. https://doi.org/10.1088/1748-9326/8/3/035019

van der Mensbrugghe, D., 2005. LINKAGE Technical Reference Document. World Bank Group,
Washington, D.C. http://documents.
worldbank.org/curated/en/200941468322749541/Linkage technical-reference-document-
version-6-0.

van der Werf, G.R., Morton, D.C., DeFries, R.S., Olivier, J.G.J., Kasibhatla, P.S., Jackson, R.B., Collatz,
G.J., Randerson, J.T., 2009. CO2 emissions from forest loss. Nat. Geosci. 2, 737-738.
https://doi.org/10.1038/ngeo671

van Vuuren, D.P., Kok, M., Lucas, P.L., Prins, A.G., Alkemade, R., van den Berg, M., Bouwman, L., van
der Esch, S., Jeuken, M., Kram, T., Stehfest, E., 2015. Pathways to achieve a set of ambitious
global sustainability objectives by 2050: Explorations using the IMAGE integrated assessment
model. Technol. Forecast. Soc. Change 98, 303—323.
https://doi.org/10.1016/]j.techfore.2015.03.005

Verburg, R.W., Woltjer, G.B., Tabeau, A.A., Eickhout, B., Stehfest, E., 2008. Agricultural trade
liberalisation and greenhouse gas emissions : a simulation study using the GTAP-IMAGE
modelling framework. LEl, The Hague.

Wang, X., Biewald, A., Dietrich, J.P., Schmitz, C., Lotze-Campen, H., Humpendder, F., Bodirsky, B.L.,
Popp, A., 2016. Taking account of governance: Implications for land-use dynamics, food
prices, and trade patterns. Ecol. Econ. 122, 12-24.
https://doi.org/10.1016/j.ecolecon.2015.11.018

Wiebe, K., Meredith, S., Clare, N., Breneman, V., 2003. Resource Quality and Agricultural
Productivity: A Multi-Country Comparison, in: Wiebe, K. (Ed.), Land Quality, Agricultural

22



730
731
732
733

734

735

736
737
738
739
740
741

742
743
744
745
746

747
748
749
750
751
752
753
754

755
756
757
758

759
760
761

762
763
764
765

766
767
768
769
770
771

772
773
774

Productivity and Food Security: Biophysical Processes and Economic Choices at Local,
Regional and Global Levels. Edward Elgar, Northampton, MA, pp. 147-165.

Zelenyuk, V., 2006. Aggregation of Malmquist productivity indexes. Eur. J. Oper. Res. 174, 1076—
1086. https://doi.org/10.1016/j.ejor.2005.02.061

Biography

Prof. Xiaoxi Wang studied Agricultural Economics at the Ghent University (Belgium) and the
Humboldt University of Berlin (Germany) and holds a Ph.D. in Agricultural Economics from the
Humboldt University Berlin (Germany). He is currently an assistant professor at the Zhejiang University
(P.R. China) and a research fellow at the Potsdam Institute for Climate Impact Research (PIK), where
his research focuses on modeling impacts of governance performance, productivity growth, and trade
policies on land dynamics and food systems.

Dr. Jan Philipp Dietrich studied Physics at the Potsdam University (Germany) and the Umea
University (Sweden) and holds a PhD in physics from the Humboldt University Berlin (Germany). He
is currently postdoctoral fellow at the Potsdam Institute for Climate Impact Research (PIK) where he is
co-leading a research software engineering group dealing with issues such as model performance,
technical coordination of model developments, software usability, reproducibility and accessibility.

Prof. Hermann Lotze-Campen studied Agricultural Sciences and Agricultural Economics in Kiel
(Germany), Reading (U.K.) and Minnesota (U.S.). He holds a Ph.D. in Agricultural Economics from
the Humboldt University Berlin (Germany). He is co-chair of Research Department Climate Resilience
at the Potsdam Institute for Climate Impact Research (PIK) and a Professor for Sustainable Land Use
and Climate Change at the Humboldt University Berlin. He is working on global land use modelling,
climate impacts and adaptation in agriculture, multi-sector impact aggregation, and land-use-based
mitigation. He is strongly involved in the Agricultural Model Intercomparison Project (AgMIP) and the
Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP).

Dr. Anne Biewald studied Ecology at Potsdam University (Germany), and is currently a scientific staff
at the German Environment Agency, previously working as researcher at the Potsdam Institute for
Climate Impact Research (PIK). She is specialized in the modelling of global land use and virtual water
trade.

Dr. Miodrag Stevanovi¢ is a postdoctoral researcher at the Potsdam Institute for Climate Impact
Research (PIK) in the Landuse Management group. His research is focused on land-use modeling and
analysis of national agricultural and land-use policies with climate change mitigation objectives.

Dr. Benjamin Leon Bodirsky is a postdocal researcher and agricultural economist who works since
2007 at the Potsdam Institute for Climate Impact Research (PIK) in the Landuse Modelling team. His
research focuses on designing and developing quantitative computer models, the global nitrogen cycle,
the future of food demand and long-term land system scenarios.

Prof. Bernhard Brimmer studied agricultural economics at the Kiel University (Germany) and
Wageningen University (the Netherlands) and holds a Ph.D. in Agricultural Economics from the Kiel
University (Germany). He is a chair professor of Agricultural Market Analysis at the University of
Goettingen (Germany). His main research focus on measurement of productivity growth and
transmission of policies on rural markets, reform of the Common Agricultural Policy, and spatial and
vertical market integration analysis.

Dr. Alexander Popp studied Biology at the Potsdam University (Germany) and is a Senior Scientist at
the Potsdam Institute for Climate Impact Research (PIK) and leads aresearch group on land-use
management as well as the PIK activity on land-use modelling. Alexander Popp contributes to several

23



https://www.uni-goettingen.de/en/prof.+dr.+bernhard+br%c3%bcmmer/18908.html
https://www.pik-potsdam.de/research/sustainable-solutions/research/landuse-group/landuse-modeling
https://www.pik-potsdam.de/research/sustainable-solutions/research/landuse-group/landuse-modeling
https://www.pik-potsdam.de/research/projects/activities/land-use-modelling

775
776
777
778

779

780

international climate and land-use assessments such as IPCC (e.g. Lead author for SR on Land, Lead
author for AR6), CBD and IPBES. He plays a leading role in the assessment of land-based climate
change mitigation for the Stanford Energy Modeling Forum, coordinates the land-use group for the
development of the new scenario framework ‘Shared Socioeconomic Pathways’ (SSPs).

24



