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Trade in commodities implies trade in virtual water (VW), which refers to the water that was used to
produce the traded goods. Various studies have quantiﬁed international or inter-provincial virtual water
(VW) ﬂows related to the trade in crops and animal products. Until date, however, no effort has been
undertaken to understand how the water embodied in traded feed crops (trade stage TS1) will be
transferred further because of trade in animal products (trade stage TS2). This is the ﬁrst study showing
this mechanism, in a case study in China for maize (the major pig feed) and pork (the dominant meat),
considering the period 2000e2013. We estimate the annual green and blue water footprints in maize
production and then quantify the inter-provincial VW ﬂows related to trade in maize (TS1) and trade in
maize embodied in pork (TS2). Results show that in TS1, maize-related VW ﬂowed from the water-scarce
North to the water-rich South, with an increase of 40% over the study period (from 43 to 61 billion m3
y1). In TS2, about 10% of the water embodied in maize exports from North to South China returns in the
form of pork, with an increase in the absolute amount of 25% (from 4.8 to 6.1 billion m3 y1). Considering
blue VW ﬂows speciﬁcally, we ﬁnd that North-to-South blue VW ﬂows decreased by 5% in TS1, while
South-to-North blue VW ﬂows increased by 23% in TS2.
© 2019 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction
Trade in goods and services among nations and within a nation
implies long-distance socioeconomic and environmental interactions, introducing a global dimension to the challenge of
sustainable use of natural resources (Liu et al., 2013). Trade can
compensate for natural resource deﬁcits in importing regions and
create labour opportunities and economic outputs in the exporting
regions. But trade may also shift the burden of resource use and

* Corresponding author. Northwest A & F University, Yangling, 712100, China.
** Corresponding author. Institute of Soil and Water Conservation, Chinese
Academy of Sciences & Ministry of Water Resources, Yangling, 712100, China.
E-mail addresses: zhuola@nwafu.edu.cn (L. Zhuo), gjzwpt@vip.sina.com (P. Wu).

environmental impacts from the importing region where the consumption takes place to the exporting region where the production
is located (Wiedmann and Lenzen, 2018; Sun et al., 2018; Pace and
Gephart, 2017; Zhao et al., 2016; Dalin and Rodríguez-Iturbe, 2016;
Yang et al., 2006). Globally, around 10e70% of environmental inﬂuences (e.g. CO2 emissions, particulate matter emissions, land use,
coal exploitation, and water consumption) are embodied in the
international trade, in which food trade has been the dominant
driver (Wiedmann and Lenzen, 2018). Here, we are interested in the
consumption of water for producing food, whereby we will focus
on the case of ‘water for maize for pigs for pork’. This includes two
stages of trade: trade in maize and trade in pork. We will trace how
the water embodied in traded maize will be transferred further
because of trade in pork.

https://doi.org/10.1016/j.watres.2019.115074
0043-1354/© 2019 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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As a metric for water use we will employ the consumptive water
footprint (WF), which measures both consumption of green water
(rainwater) and blue water (groundwater and surface water)
(Hoekstra, 2017). The external WF of a community within a
geographic region refers to the water embodied in its consumption
from imports. The water virtually embedded in traded commodities is known as virtual water (VW) (Allan, 2003). Agricultural
products together account for 92% of the WF of humanity, and,
more speciﬁcally, animal products together contribute about 30%
(Hoekstra and Mekonnen, 2012). The major share (98%) of the WF
of animal products comes from the water consumed to produce the
feed (Mekonnen and Hoekstra, 2012). Growing food demand and
intensiﬁed food trade are increasing the water scarcity in the
exporting production regions. Globally, the water depletion in
countries scarce in blue water contributed to 35% of global VW
ﬂows (Lenzen et al., 2013) and 11% of non-renewable groundwater
consumption was embodied in the food trade (Dalin et al., 2017).
In this study we distinguish two trade stages of maize (Fig. 1): in
the ﬁrst trade stage (TS1), maize is traded from the place of cultivation to the place of consumption in the form of food by humans
or feed by animals; in the second trade stage (TS2), pork is traded
from the place of pig farming to the place of pork consumption. We
quantify VW ﬂows related to maize trade (TS1) as well as VW ﬂows
related to pork trade (TS2). In the latter case we merely focus on the
water consumed to produce the maize eaten by the pig to produce
one kg of pork. The new element of the current study is that it maps
and links VW ﬂows related to both TS1 and TS2. Inter-regional VW
ﬂows redistribute water through trade of water-intensive products
and reshaping the patterns of water reliance through teleconnections between the consumers and producers (Zhao et al.,
2015; D'Odorico et al., 2019). Severe water scarcity in a certain
place can be driven remotely by its trade partner who imports
products that consume considerable volume of water in the
exporting place. Therefore, it is of importance to clearly and
correctly identify the directions and magnitudes of the burden
shifting along the VW ﬂows and associated water scarcities. There
are numerous studies that map VW ﬂows associated with crop
trade (TS1), at global level (e.g., Hoekstra and Mekonnen, 2012;
Dalin et al., 2012; Konar et al., 2011) as well as the national level
(e.g. Liu et al., 2008; Novo et al., 2009) and sub-national level (e.g.
Guan and Hubacek, 2007; Ma et al., 2006; Verma et al., 2009; Dalin
et al., 2014; Zhao et al., 2015; Zhuo et al., 2016a; Zhao et al., 2017).
There are also several studies that analyse VW ﬂows associated
with trade in animal products (TS2) (Hoekstra and Mekonnen,
2012; Ma et al., 2006; Dalin et al., 2014; Hanasaki et al., 2010),
but the VW ﬂows related to TS1 and TS2 are never connected. The
previous studies on crop-related or food-related VW ﬂow

Fig. 1. Two trade stages of maize: in the ﬁrst stage, maize is traded from the place of
cultivation to the place of consumption in the form of food by humans or feed by
animals; in the second stage, pork is traded from the place of pig farming to the place
of pork consumption.

assessments ignore the effects of ST2 as well as of the other big crop
consumer, livestock, than humanity on such burden shifting among
trade partners.
Here we choose maize and pork trade among provinces in China
in the period 2000e2013 as a study case. The pork consumer
indirectly consumes the maize for feeding the pigs. Whereas previous studies that quantify VW ﬂows related to trade in pork
consider the full amount of embodied water in traded pork, we are
interested here only in the maize-related embodied water in traded
pork. We ﬁrst estimate the green and blue WFs of maize production
in China per year over the period 2000e2013 at a 5  5 arc-minute
grid level with consideration of the effects of different irrigation
techniques. Second, we quantify the inter-provincial VW ﬂows
within China related to trade in maize. Third, we quantify the interprovincial VW ﬂows related to the pork trade, considering specifically the water-for-maize-for-pig-for-pork.
Maize is one of the major feed crops in the world and contributes 17% to the WF of the global livestock sector (Mekonnen and
Hoekstra, 2012). China is currently the second biggest producer of
maize in the world, responsible for 22% of global maize production
(2016). About 70% of maize utilization in China is for feed (FAO,
2018). Over the period 2000e2013, maize demand for feed in
China increased by 69%, the harvested area of maize by 57% and
total maize production by 106% (NBSC, 2018). China is the world's
largest pork producer, accounting for 48% of the global total (FAO,
2018). We choose inter-provincial trade of maize and pork in
China as a representative target with three main reasons: Firstly,
China has intensive inter-provincial transfers of maize which
resulted in visible maize-related water scarce North-to- water rich
South VW ﬂows. Inter-regional maize-related VW ﬂows contributed to 39% of the crop-related North-to-South VW ﬂows (i.e. the
biggest contributor among considered crops) and 38% of croprelated gross VW ﬂows within China by 2008 (Zhuo et al., 2016a).
Secondly, in China's maize-related inter-provincial VW ﬂows, 72%
was driven by feed consumption (2013) (FAO, 2018). Given China is
the world biggest pork producer with much higher stock than other
types of livestock, majority of maize feed consumption is for pigs.
Thirdly, there is signiﬁcant spatial mismatch between feed and
pork production (Fig. 2) as well as between the consumption and
production of pork. In 2013, North China produced 84% of the national maize production, while South China accounted for 60% of
the country's pork production (NBSC, 2018).
Given the high water scarcity in North China, there is much
interest in understanding the reasons and dynamics underlying the
widely reported North-to-South VW ﬂows related to agricultural
products (mainly crops) based on either the bottom-up approach
(i.e. food balance methods) (Ma et al., 2006; Dalin et al., 2014; Zhuo
et al., 2016a; Wu et al., 2010; Cao et al., 2011; Dong et al., 2014; Sun
et al., 2019), or top-down approach (i.e. Input-output models)
(Guan and Hubacek, 2007; Feng et al., 2014; Zhao et al., 2015, 2019,
2018; Zhang and Anadon, 2014). The VW export from North China is
increasingly recognized as one of the key contributions to local
water scarcity (Feng et al., 2014; Zhao et al., 2018; Hoekstra and
Mekonnen, 2016; Chukalla et al., 2015). Compared to the studies
based on bottom-up approaches, the common conclusion is the
main direction of the North-to-South VW ﬂows within China. With
a full picture covering all the water using sectors, the top-down
method based studies were able to map the patterns and construction of the VW ﬂows (Zhang and Anadon, 2014; Guan and
Hubacek, 2007; Zhao et al., 2015), scarce (unsustainable) virtual
ﬂows (Feng et al., 2014; Zhao et al., 2018) and the driving factors
(Zhao et al., 2019). However, none has solved the current research
question on distinction and links between VW ﬂows in ST1 and ST2.
Currently, China has the world largest amount of non-renewable
groundwater depletion related to maize production (~4.7 million
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Fig. 2. Maize and pork production per province in China 2013. Data source: NBSC (2018).

m3 y1), most of which is in the North (Dalin et al., 2017).
2. Methods and data
2.1. Estimating green and blue WFs of maize
We distinguish between the water footprint of production of
maize in a province and the average water footprint of maize as
available on the market in a province. The latter is used for estimating the WF of the maize fed to pigs and ﬁnally the WF of pork,
assuming that pigs consume a mix of domestically produced maize
and maize imported from other provinces according to the relative
proportions available in a province. The average green and blue
WFs of rainfed and irrigated maize production per province over
the study period 2000e2013 were based on estimation at 5  5 arcminute grid level following the accounting framework of Hoekstra
et al. (2011). The green and blue WFs of maize production (m3 t1)
within a grid cell were calculated as the actual green and blue
evapotranspiration (ET, m3 t1) over the growing period divided by
the crop yield (Y, t ha1). FAO's crop water productivity model
AquaCrop version 6.0 (Steduto et al., 2009; Raes et al., 2009; Hsiao
et al., 2009) was used to simulate ET and Y per grid cell per year. The
simulated maize yields in all grid cells in a province were scaled to
ﬁt to the statistics on maize production at province level (Zhuo
et al., 2016b). The separation of green and blue ET was carried
out by tracking the daily green and blue soil water balances based
on the contribution of rainfall and irrigation, respectively, following
Chukalla et al. (2015), Zhuo et al. (2016b) and Karandish and
Hoekstra (2017).
Regarding irrigated maize production, we simulated the WFs
under three different irrigation methods: furrow, sprinkler and
micro irrigation. In AquaCrop, the effects of varied irrigation are

reﬂected by the different levels of soil evaporation (E), which
partially depends on the fraction of soil surface wetted (fw, %)
during irrigation, which different by irrigation method (Allen et al.,
1998). Soil evaporation (E) is calculated by multiplying the reference evapotranspiration with the soil evaporation coefﬁcient (Ke)
which considers the characteristics of soil surface and the fraction
of the soil surface not covered by the canopy. When considering the
effects of different irrigation methods that the soil surface is
partially wetted, the Ke is adjusted by the fraction of the surface
wetted (fw) (Allen et al., 1998).



Ke ¼ fw  1  CC *  Kex

(1)

where CC * refers to the canopy cover fraction, Kex maximum soil
evaporation coefﬁcient for fully wet and not shaded soil surface. We
set values of fw as 80%, 100% and 40% for furrow, sprinkler and micro
irrigation, respectively. For each grid, the overall green and blue WF
(WFg and WFb, m3 t1) of irrigated maize then can be calculated as:

 
 
P3 
Pgp
i¼1 10 
t¼1 ETg t; i  w i
WFg ¼
P3
i¼1 ðYðiÞ  wðiÞÞ

WFb ¼

Pgp
P3 
i¼1 10 
t¼1 ETb ðt; iÞ  wðiÞÞ
P3
i¼1 ðYðiÞ  wðiÞÞ

(2)

(3)

where i refers to the irrigation method and w(i) to the percentage of
irrigation method i in the total irrigated area of maize in the grid
cell. Since percentages w(i) are available only by province, we assume w(i) per grid cell equal to the value at province level.
Evapotranspiration (ET) is summed over the days of the growing
period (gp).

4

L. Zhuo et al. / Water Research 166 (2019) 115074

2.2. Estimating green and blue WFs of maize in pork
For estimating the volume of water-for-maize-for-pig-for-pork,
we ﬁrst estimate the amount of maize embodied in 1 kg of pork.
The amount of maize is then multiplied with the green and blue
WFs of maize to obtain the green and blue WFs per kg of pork
related to the maize eaten by the pig.
The maize embodied in pork, which we will call here the virtual
maize content of pork (VMC, kg kg1) equals the maize fed to pig
over its lifetime (maize consumption MC, kg head1) divided by the
pork-production rate per pig (ppr, kg head1). Here we assume that
China's national total maize feed goes to swine farms, with two
reasons. Firstly, pigs are the only livestock with maize-dominated
feeding. Maize is responsible for over 63% in pig feeding (Hansen,
2007). Secondly, pigs dominate China's livestock industry fed by
maize; in 2013, the number of pigs in China was four times higher
than the number of goats, the second largest livestock category
(NBSC, 2018). The WF of per kg of the VMC per province refers to
the average WF of maize as on the market in the province (i.e. the
WFcons shown in equation (3)). The WF of maize on the market in a
province depends on the ratio of provincially produced maize to
imported maize and the WFs in the respective locations of production. The average WF of the maize consumed in a province i
(WFcons (i), m3 t1) and is calculated as follows:

WFcons ðiÞ ¼

PðiÞ  WFprod ðiÞ þ

P 

PðiÞ þ

e

P

IðeÞ  WFprod ðeÞ



e IðeÞ

(4)

in which P(i) (t y1) refers to the maize production quantity in
province i, I(e) (t y1) to the imported quantity of maize from
exporting place e (other regions in China or other countries outside
China), WFprod(i) (m3 t1) the WF per unit of maize in province i, and
WFprod(e)(m3 t1) the WF per unit of maize as produced in
exporting place e.

2.3. Estimating inter-provincial VW networks related to trade in
maize and pork
The VW ﬂow in TS1 was calculated by multiplying the related
maize trade ﬂow (t y1) with the WF of maize production (m3 t1)
in the exporting region. The VW ﬂow in TS2 was computed as the
product of the pork trade ﬂow (t y1), the amount of maize

We estimate provincial trade balances (i.e. net imports) for
maize and pork as the consumption in a province minus the production in a province (Ma et al., 1998; Zhuo et al., 2016a), with
consideration of international trade, production, consumption of
maize for food, feed, and manufactured products as well as waste
and seed based on the national food balance sheets in FAOSTAT
(FAO, 2018) combined with population and livestock units per
province. For each year, the national consumption of maize for
direct human consumption and manufactured products, and the
national consumption of pork, as given by FAO (2018), were
distributed over the provinces based on provincial populations. The
national use of maize for feed was distributed over provinces
proportional to the amount of pigs per province.Provincial statistics
on yearly maize and pork production per province were taken from
NBSC (2018).
Inter-provincial trade matrices for maize and pork per year were
determined by using a linear programming optimization procedure, assuming that inter-provincial trade ﬂows are such that the
overall transport cost of trade is minimized (following Dalin et al.,
2014). The net import of product p in a province is deﬁned as the
total provincial utilization of the product minus the local production. We considered four harbour provinces (Tianjin, Liaoning,
Shandong and Guangdong) for distributing foreign imports of
maize and pork to provinces and for shipping exports. We assume
that the intra-national and international imports occur in deﬁcit
provinces where demand is lower than production, and that the
intra-national and international exports are from surplus
provinces.
We estimate inter-provincial trade of a product p from this
objective function:
Minimize:

TCðpÞ ¼

i¼31;j¼31;h¼4
X

 cðh; jÞÞ þ

i¼31;j¼31
X

Tloc ði; j; pÞ  cði; jÞ

(5)

i¼1;j¼1

Subject to:

cði; jÞ 2 ½1 : 31 and ch2½1 : 4 :

i¼31;h¼4
8 i¼31;j¼31
X
X
>
Tloc ði; j; pÞ þ
Tint ði; h; pÞ ¼ Pði; pÞ  Dði; pÞ; if Pði; pÞ > Dði; pÞ
>
>
>
>
i¼1;j¼1
i¼1;h¼1
>
>
>
>
j¼31;i¼31
j¼31;h¼4
>
X
X
>
>
>
ði; j; pÞ þ
Tint ðh; j; pÞ ¼ Dðj; pÞ  Pðj; pÞ; if Pðj; pÞ > Dðj; pÞ
>
>
>
>
j¼1;i¼1
>
j¼1;h¼1
>
>
< i¼31;h¼4
X
Tint ði; h; pÞ ¼ Eint ðpÞ
>
>
>
>
i¼1;h¼1
>
>
> h¼4;j¼31
>
>
X
>
>
>
Tint ðh; j; pÞ ¼ Iint ðpÞ
>
>
>
>
h¼1;j¼1
>
>
>
>
: Tloc ði; j; pÞ  0
Tint ði; h; pÞ  0; Tint ðh; j; pÞ  0

consumed per unit of pork (kg kg1) and the WF per tonne of maize
(m3 t1) on the market in the pork export region.

ðTint ði; h; pÞ  cði; hÞ þ Tint ðh; j; pÞ

i¼1;j¼1;h¼1

(6)

in which TC(p) (in CNY y1) refers to the total transport cost of the
inter-provincial trade in product p; Tint(i,h,p) the foreign export
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volume from province i through harbour province h; Tint(h,j,p) (t
y1) the foreign import volume through harbour province h to
province j; Tloc(i,j,p) (t y1) the net trade of product p from province
i to province j; c(i,h), c(h,j) and c(i,j) (CNY t1) the unit costs of
transport between provinces, which were estimated by applying
the “OD cost matrix analysis tool” in ArcGIS while taking the
transport cost as the impedance and assuming unit costs of rail,
road and sea transport of 0.15, 20 and 0.016 CNY t1, respectively
(Gao et al., 2014); P(i,p) (t y1) the production of p in province i;
D(i,p) (t y1) the total demand of product p in province i; Eint(p)
China's total international export of product p; and Iint(p) (t y1)
China's total international import of product p.
2.4. Data
GIS polygon data for Chinese provinces were obtained from the
Surveying and Mapping data sharing network (NASMG, 2010). Data
on yearly consumption and international trade in maize and pork
for China (in t y1) over the period 2000e2013 were obtained from
FAO (2018). Data on monthly precipitation, reference evapotranspiration and temperature at a resolution of 30  30 arc-minute
were taken from Harris et al. (2014). Data on irrigated and rainfed areas for each crop at a 5  5 arc-minute resolution were obtained from Portmann et al. (2010). Annual agriculture statistics on
harvested areas and yields of maize, statistics for fed and slaughtered livestock and the associated livestock production, as well as
total irrigated area with different irrigation methods per province
were obtained from NBSC (2018). Soil texture data were obtained
from the ISRIC Soil and Terrain database for China at a scale of 1:1
million (Dijkshoorn et al., 2008). For hydraulic characteristics for
each type of soil, the indicative values provided by AquaCrop were
used. Data on total soil water capacity (in % vol) at a spatial resolution of 5  5 arc minute were obtained from the ISRIC-WISE
version1.2 dataset (Batjes, 2012).

5

y1 to 132 billion m3 y1.
North China had a larger WF per tonne of maize than South
China (Fig. 4). The provincial average WF of maize production
ranged between 348 m3 t1 (Qinghai province) and 1032 m3 t1
(Guizhou province) in 2013. Over the study period, most of the
provinces experienced a decrease in the WF per tonne of maize,
with an exception for ﬁve provinces in the South (Shanghai,
Jiangsu, Zhejiang, Hubei and Guizhou). These ﬁve provinces also
had decreased maize yields. For instance, the maize yield in Guizhou province decreased by 19% over the study period, while the WF
per tonne of maize increased by 31%. For Guizhou province, the
reduction started since the year 2011 (with yield level was 42% less
than in 2010) mainly due to the extreme drought happened in
August and successive drought problems in the following two years
(Wang et al., 2014). In addition, reductions in irrigated maize area
(by 30% in Shanghai and by 3% in Jiangsu) as well as the less
fertilization (by 65% in Shanghai and by 12% in Jiangsu) could be
other reasons for maize yield decreases (NBSC, 2018). Among all
provinces, Inner Mongolia had the highest decrease (59%) in WF
per tonne of maize.
Irrigated maize contributed 48% to the national total WF of
maize production by 2013, with irrigation over 41% of the total
harvested maize land. Furrow irrigation is still the main irrigation
method in China, and accounted 86% of total WF of irrigated maize
production in 2013. The study period witnessed an increasing WF
of micro irrigated maize production, from zero to 7% of total WF
related to irrigated maize production, with the expansion in the
micro irrigation across the country. In most provinces, the WF per
tonne of maize under micro irrigation was the smallest, followed by
furrow irrigation and ﬁnally sprinkler irrigation. The WF per tonne
of rain-fed maize was always larger than the WF of irrigated maize,
due to a relatively lower yield level. Micro irrigation had the highest
blue water fraction in the total WF.
3.2. Maize-related WF of pork in China

3. Results
3.1. WF of maize production in China
Over the study period 2000e2013, China's national average WF
per tonne of maize decreased by 23%, from 955 m3 t1 (of which
18% blue WF) in 2000 to 692 m3 t1 (13% blue WF) in 2013 (Fig. 3).
This was mainly related to the increased national average maize
yield, which grew by 31% (from 4.6 t ha1 in 2000 to 6.0 t ha1 in
2013). With the doubled total maize production (from 106 to 218
million t y1), the national total WF of maize production increased
by 49% (from 101 billion m3 y1 in 2000 to 151 billion m3 y1 in
2013), whereby the green WF increased by 58% from 83 billion m3

The fraction of maize in pig feed increased considerably over the
period 2000e2013 (CFIA, 2013), with the number of pigs increasing
by 14% but total maize consumption by pigs increasing by 68%. The
pork production rate (meat per animal) was stable over the period
considered. The average ‘virtual maize content’ of pork in China
increased by 46%, from 2.8 in 2000 to 4.1 kg kg1 in 2013 (Table 1).
The increasing trend reﬂects the effects of the expansion in scale
breeding of pigs that the occupation of which in the national swine
cultivation increased from 9% to 50% over 2000e2013 and rising
demand of concentrated feed (Tian et al., 2016). Translating the
maize content of pork to the underlying water consumption, we
ﬁnd that the average maize-related WF of pork increased by 7%.

Fig. 3. National average water footprint per tonne of maize production and average maize yield in China over the period 2000e2013.
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Fig. 4. The spatial distribution of the water footprint per tonne of maize across provinces in China in the years 2000 (a) and 2013 (b).

This rate of increase was less than 46% because of the reduction in
the WF per tonne maize in the country (Fig. 3).
At provincial level, the maize-related WF of pork ranged between 1580 m3 t1 (Ningxia) and 3680 m3 t1 (Hebei). As shown in
Fig. 5, the maize-related WF of pork was relatively high in eastern

provinces, where most of the swine farms are located (Fig. 2).
Twenty-one provinces had an increased maize-related WF per
tonne of pork over the study period, with Shandong province
having the sharpest increase (from 2230 to 3110 m3 t1), mainly
due to the increased maize-feed per pig.

L. Zhuo et al. / Water Research 166 (2019) 115074
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Table 1
Maize consumption by pigs and maize-related water footprint (WF) of pork in China.

Maize for feed for pigs(106 t)
Pigs (106 head)
Pork production rate (kg head1)
Virtual maize content of pork
(kg kg1)
Maize-related WF of pork (m3 t1)

2000

2001

2002

2003

2004

2005

2006

2007

2008

2009

2010

2011

2012

2013

89
416
77
2.8

87
420
76
2.7

89
418
76
2.8

90
414
76
2.8

92
421
76
2.9

94.5
433
76
2.9

92.5
419
76
2.9

95.5
440
76
2.8

106
463
76
3.0

106
470
76
2.9

115
465
76
3.2

125
469
76
3.5

140
476
77
3.8

150
474
77
4.1

2668

2551

2513

2444

2387

2357

2334

2289

2250

2381

2441

2515

2730

2860

Fig. 5. The spatial distribution of maize-related water footprint per tonne of pork in the years 2000 (a) and 2013 (b).
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Fig. 6. The percentage of blue water in the water footprint of local produced maize and in the maize-related WF of pork, per province in China for the year of 2013. The underlined
provinces are net exporters of pork. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)

Fig. 6 shows, per province, for 2013, the blue water percentage
in the maize-related WF of pork versus the blue water percentage
in the WF of maize. Most exporting provinces of pork (most
depending on imported maize) had a higher blue water fraction in
the maize-related WF of pork than in the WF of locally produced
maize. The main reason is that they imported maize from more
water-scarce northern provinces where there are higher blue WF
ratios in maize production. For example, Anhui, Hubei, Hunan and
Chongqing province imported maize for their pigs from Northeastern China (Heilongjiang, Liaoning and Jilin) while Sichuan,
Guizhou and Yunnan imported maize from Northern and Northwestern provinces.

3.3. Virtual water ﬂows related to maize in the two trade stages
Over the period 2000e2013, maize trade from North to South
China increased by a factor 2.2 (from 45 to 99 million t y1). In 2013,
North-to-South maize trade was equivalent to 45% of China's total
maize production. In that year, North China accounted for 86% of
national maize production whereas the South accounted for 59% of
national maize consumption.
The net VW ﬂow related to trade in maize (trade stage TS1) has
thus been from the water-scarce North to the water-rich South. The
net maize-related North-to-South VW ﬂow increased by 40% (from
43 to 61 billion m3 y1) (Fig. 7a). This maize-related VW ﬂow
increased less than the North-to-South trade of maize itself because
of the decrease in WF per tonne of maize in this period (Fig. 3a). In
2013, Heilongjiang and Jilin provinces, both located in Northeast
China, were the biggest net VW exporters in TS1, exporting 51% of
the gross inter-provincial VW ﬂows in 2013 (see Fig. 8a). Hunan was

the biggest net VW importer (with 10.2 billion m3y1 of net VW
import in 2013), driven by the province's use of maize for feed
consumption while local maize production was low (see Fig. 2).
The second trade stage (TS2), the trade of pork, gives a very
different picture. South China accounts for 59% of national total
pork production and 60% of national pork consumption. The net
trade of pork is from South to North China. As a result, also the VW
ﬂow related to trade in maize embodied in pork was from South to
North China. This VW ﬂow in TS2 is thus in the opposite direction to
the VW ﬂow in TS1. The VW ﬂow from South to North in TS2
increased by 25% over the study period (from 4.8 to 6.1 billion m3
y1) (Fig. 7b). This means that in TS2 about 10% of the water
embodied in maize exports from North to South China returns in
the form of pork. The net ﬂow of the VW in the whole productionconsumption chain was 55 billion m3 y1 by 2013. There was a
sharp increase in the size of the South-to-North VW ﬂow in TS2
from year 2005e2006 due to the reduced pork production in a
larger number of provinces (mostly located in the North) as a result
of a severe pig blue ear disease outbreak in 2006 (CCG, 2007).
In 2013, ten provinces in the South were a net VW importer in
TS1 but a net VW exporter in TS2 (Fig. 8). Hunan, the biggest VW
importer in TS1, was the biggest VW exporter in TS2. Reversely, nine
provinces in the North were a net VW exporter in TS1 but a net VW
importer in TS2. This included Heilongjiang, the largest VW
exporter in TS1. The amount of ‘returning water’ can be substantial,
as shown by the case of Shanxi province in the North: the VW
import of Shanxi in TS2 was equivalent to 63% of the VW export in
TS1. Still, the province has a net VW export related to maize trade,
but much less than appears at ﬁrst sight. Much of the water
consumed in the province for producing export maize returns in

Fig. 7. Net virtual water ﬂow from North to South China related to trade in maize (a) and related to trade in maize embodied in pork (b) over the period 2000e2013.
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Fig. 8. Maize-related net virtual water imports per province in Trade Stage 1 in 2000 (a) and 2013 (b) and in Trade Stage 2 in 2000 (c) and 2013 (d). Arrows show the net virtual
water ﬂows between the North and South China.

Fig. 9. Maize-related net blue virtual water imports per province in Trade Stage 1 (a) and Trade Stage 2 (b) in the year 2013. Arrows show the net blue virtual water ﬂows between
North and South China. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)

the form of imported pork. Liaoning and Jilin province, two Northeastern provinces, had VW exports in both TS1 and TS2; these two
provinces are expanding production bases of both maize (with a

1.8-time production increase over the study period) and swine
(with doubled and 1.5 fold production increase in Liaoning and Jilin,
respectively).
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Fig. 10. Maize-related virtual ﬂows in Trade Stage 1 and the reversed virtual ﬂows in Trade Stage 2 for the biggest maize producer and exporter Shandong and for the biggest pork
producer and exporter Sichuan (2013). The ﬁgures refer to the net virtual water ﬂow in 106 m3 y1; the ﬁgures between brackets refer to the blue water percentage in the net virtual
water ﬂow. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)

When we focus on blue water only, we ﬁnd that the North-toSouth blue VW ﬂow in TS1 decreased over the study period by 5%
(from 9.1 to 8.6 billion m3y1), while the South-to-North blue VW
ﬂow in TS2 increased by 23% (from 0.7 to 0.9 billion m3y1). Most of
the provinces with net blue VW export in TS1 are net blue VW
importers in TS2 (Fig. 9), except for the north-eastern provinces of

Liaoning and Jilin, which together increasingly form China's key
swine base and suffer moderate blue water scarcity (Zhao et al.,
2018). In 2013, the total net blue VW export from Liaoning and
Jilin over the two trade stages accounted for 49% and 64% of the
total WF of local maize production, respectively.
In Fig. 10, we illustrate the reversed VW ﬂows in TS1 and TS2 for
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the biggest maize producer (Shandong province) and the biggest
pork producer (Sichuan province). About 11% of the VW ﬂow from
Shandong (in the North) to Hubei (in the South) in TS1 (maize
trade) is returned in TS2 (pork trade); these ‘return ﬂows’ in the
form of pork are 9% for the maize trade from Shandong to Hunan,
and 12% for the maize trade from Shandong to Chongqing. The pork
exporting province of Sichuan exports a lot of VW embedded in
pork, but also imports a lot of VW embedded in maize to feed the
pigs. Considering the net effect of TS1 and TS2, Sichuan shows a net
export of VW to Shaanxi and Gansu provinces (pork export being
dominant), but a net import of VW from Ningxia and Xinjiang
(maize import being dominant).
3.4. Discussion
3.4.1. Sustainability of maize-related blue WFs and VW ﬂows in
China
Following the approach for “WF sustainability assessment” by
Hoekstra et al. (2011), we assess the impacts of maize production
and consumption on blue water scarcity (BWS) and sustainability of
maize-related blue WFs and VW ﬂows in China. Blue WFs of maize
production and maize related inter-provincial virtual water (VW)
exports in both ST1 and ST2 were compared to the average local
BWS levels at 30  30 arc minute grid level by Mekonnen and
Hoekstra (2016). The BWS level was indicated as the ratio of the
local blue WF to the total blue water availability. The blue water
availability is the sum of locally generated blue water in a grid cell,
which adopted the 80%-natural-runoff-presumptive environmental ﬂow standard (Richter et al., 2012) and the blue water
ﬂowing in from upstream grid cells (Mekonnen and Hoekstra,
2016). The presumptive environmental ﬂow standards stand for a
moderate level of protection with measurable changes in structure
and minimal changes in ecosystem functions. The BWS values are
classiﬁed into four levels: low (BWS<1.0), moderate
(1.0 < BWS<1.5), signiﬁcant (1.5 < BWS<2.0) and severe (BWS>2.0)
(Hoekstra et al., 2012).
Fig. 11 shows that more than half of the maize ﬁelds in Northern
China was under severe BWS by the year 2013. Current results show
that 67% of total blue WF in maize production contributed to severe
BWS in China, which means severe unsustainable. Six in Eleven
blue VW exporting provinces in ST1 had over 70% of blue WF of
maize production located in area under severe BWS. Over 90% of
the blue WF in maize production in four provinces including Hebei,
Shanxi, Shandong and Xinjiang were severe unsustainable. Maize
production contributed to 27%, 16%, 13% and 13% of the overall severe BWS in Shanxi, Shandong, Hebei and Xinjiang, respectively
(Mekonnen and Hoekstra, 2016; Hoekstra and Mekonnen, 2012).
Without maize production, Henan province may relieve its overall
BWS level from severe (BWS ¼ 2.2) to moderate (BWS ¼ 1.6). As a
result, 59% of the maize-related inter-provincial blue VW exports in
ST1 was from maize ﬁelds under severe BWS (Fig. 11a). Xinjiang
province can be identiﬁed as a hotspot in ST1 for urgent measures
to reduce blue WFs in maize production, because it had 92% of
severe unsustainable blue WF of maize production, 68% of total
blue WF was for producing exported maize to other provinces and
accounted for 21% of severe unsustainable maize-related interprovincial blue VW ﬂows, however, only 17% of the blue VW exports returned back in ST2. The ﬁnding is consistent with Zhao et al.
(2018). Whereas in ST2, majority of the maize-related blue VW
exporting provinces (i.e. maize-related VW importers in ST1) were
under low scarcity, however, only 12% (~632 million m3y1) of the
severe unsustainable North-to-South blue VW ﬂows in ST1
returned in ST2 (Fig. 11b). Liaoning and Jilin province, the two VW
exporters in both ST1 and ST2 are the other two hotspots. By the
year 2013, the severe unsustainable blue VW exports of Liaoning
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and Jilin meant 17% and 19% of total local blue water consumption
in maize production, respectively. The percentages could keep
increasing with the current expanding trends in production of both
maize and swine (see section 3.3).
Urgent actions are called for reducing the severe unsustainable
blue WF in maize production and associated blue VW ﬂows so that
mitigating the severe BWS in the hotspots. Four key strategies can
be taken into consideration for more sustainable water consumption related to China's maize (Hoekstra and Mekonnen, 2016): (i)
Reducing the blue WF in current water scarce maize ﬁelds by
setting and reaching the blue WF benchmarks with smart ﬁeld
managements (e.g. drip irrigation combined with synthetic
mulching) (Chukalla et al., 2015; Zhuo and Hoekstra, 2017; Nouri
et al., 2019) or planting more water-saving and higher-waterproductive varieties; (ii) Increasing self-sufﬁciency degree of feed
crops in swine-based provinces under low water scarcity like Hunan, Hubei and Jiangxi provinces; (iii) Reducing the reliance on
imports from water scarce regions while increase the production
and exports in places with lower water scarcity and higher water
productivities (Hoekstra and Mekonnen, 2016); (iv) enhancing the
international trade of feed crops from water-abundant countries
while ensuring the staple food self-sufﬁciency as in governmental
goals.
3.4.2. Burden shifting
The results illustrate that mapping of VW ﬂows along a feedmeat supply chain helps to better understand the impact of a
two-step supply chain on the spatial water use pattern in a country.
The case study for China reveals that the water embodied in the
maize traded from the water-scarce North to feed pigs in the more
water-abundant South partly returned to the North in the form of
traded pork. However, only about 10% of the embedded water in the
maize exports from the North returned embedded in imported
pork. Despite the trade of pork back to the North, the environmental burden shifting remains from the South to the North.
3.4.3. Uncertainties and limitations
A major limitation in the study was the absence of statistics
regarding the inter-provincial trade network of speciﬁc agricultural
products for China. The method of trade network simulation, assumptions in the precondition of trade ﬂow and uncertainties
embodied in the unit WF per traded product generate the disparity
in the VW ﬂow estimations (Liu et al., 2018a,b). The current study
applies the bottom-up approach according to the food balance per
province. The order of magnitude and main directions in the maizerelated VW ﬂows in TS1 and TS2, which is dominated by the trade
in pork, are consistent with available studies based on either the
bottom-up approach (Ma et al., 2006; Dalin et al., 2014) or topdown approach based on multi-regional input-output tables (e.g.
Zhao et al., 2015). In current simulations, the local consumption of
local production is assumed as being priority compared to exports,
while exports can be prioritized compared to local consumption of
maize and pork production in one provinces driven by economic
beneﬁts. However, we made the best assumptions in making the
most of accessible data, following the previous widely acceptable
and cited studies like Ma et al. (1998) and Dalin et al. (2014). The top
VW exporters are consistent with Dalin et al. (2014), although the
priorities of international trades in meeting the demand are
different. Therefore, the shown VW ﬂow patterns and magnitudes
are comparable to the available reports based on similar assumptions and approaches. There must be over- or under-estimation in
the trade balances per province according to the food balance assumptions. For local studies focusing on smaller regions than provincial scale, validation and modiﬁcation of the current VW trade
modelling based on surveys or accessible ofﬁcial data on transfers
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Fig. 11. Blue water scarcity level in maize ﬁelds and percentage of blue water footprints in maize production located in severe blue water scarce area in blue virtual water exporting
provinces in (a) ST1 and (b) ST2 in China 2013. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)
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of crop is crucial for setting relative local water policies. One may
suggest to compare to results based on the top-down approaches.
However, the main difference between the bottom-up and topdown approach is that the MRIO modelling cannot downscale
from the whole agricultural sector into speciﬁc individual products
(Feng et al., 2011; Zhao et al., 2018). While the same main directions
of the inter-provincial VW ﬂows still tell the feasibility of the current methodology and results.
Regarding the uncertainties in the WF accounting for crop
production, Kersebaum et al. (2016) identiﬁed, through winter
wheat in European environment as the case, that the variation
among calculated unit WFs by different crop growth models
(including the AquaCrop) was 15%e49%, and the discrepancy in
yield simulations dominated the differences in WF results rather
than that in simulated ET. The current study calibrates yield simulations of maize based on provincial statistics per year. Zhuo et al.
(2014) tested effects of uncertainties in key input variables on the
crop WF accounting results via the study case on major crops in the
Yellow River Basin, and concluded an uncertainty range of ±30% in
the simulated unit WF of crops through the CropWat method. We
compare the current results on unit WF of maize production per
province to the estimations in three studies with varied data
sources and models (Dalin et al., 2014; Zhuo et al., 2016a;
Mekonnen and Hoekstra, 2011) as shown in Fig. 12. There are 87% of
the tested ﬁgures with the acceptable deviations less than 30% to
the previous studies. At national average level, the current unit WF
of maize production in China is 10% higher than the records by
Mekonnen and Hoekstra (2011) who calibrated the simulated yield
based on national average level. We used the same input data
sources as in Zhuo et al. (2016a), however with the consideration of
different irrigation method. As a result, the national average unit
WFs of maize differ in the range of 6% - 5%, while the current blue
WF rates in the green-blue WF in the current study are 0.8e1.9
times higher, which shows the effects of the differences in
modelling settings.
Assumptions have to be made in the current simulations of the
VW networks with the data limitations. Firstly, the maize consumption level per capita was assumed the same across provinces
and the differences in diets among rural and urban residents were
ignored. Secondly, in the simulations for VW ﬂows in the TS2, we
assume a unit maize feeding concentration per livestock without
available detailed information on animal-speciﬁc maize feeding
level for China. The mentioned assumptions may result in the overor under-estimation on the provincial trade balances so that affect

Fig. 12. The water footprint (WF) per tonne of maize at provincial level in China in the
current study compared with estimations from previous studies. Figures are for the
year 2007 in Dalin et al. (2014); the year 2000 in Mekonnen and Hoekstra (2011) and
the annual values for 2000e2008 in Zhuo et al. (2016a).

13

the corresponding inter-provincial VW trade matrixes. According to
the identiﬁcation by Tamea et al. (2014), population, gross domestic
product and geographical distances between trade partners were
the major driving factors in global VW ﬂuxes, which were mainly
considered in current simulations. Therefore, given the broad
comparisons with available information and knowledge, we believe
that the current results on the main directions in the network of
VW ﬂows over the extended production-consumption chain of
maize in China are acceptable and solid.
3.4.4. Implications of the new policies regarding reallocation of
animal production to the North for water resources management
China's governmental plan for the pork industry for the period
2016e2020 (MOA, 2016) aims to increase the pork production by
0.14 billion t y1 to maintain a high self-sufﬁciency. In the plan, four
North-eastern provinces (Liaoning, Jilin, Heilongjiang and Inner
Mongolia), which are the biggest net VW exporters related to maize
trade (TS1), are designated as the future pork base, with 1e2% of
production increase per year, given the relatively abundant land
and feed availabilities, but without considering impacts on local
water security. Such pork industry expansion could generate income, but will undoubtedly increase local feed production demand
and associated water consumption, thus increasing local water
scarcity levels. Besides, the planned intensiﬁcation in both maize
and pork production in the North-eastern provinces may accelerate
nitrogen (N) and phosphorus (P) pollution of groundwater and
streams (Sun et al., 2018; Wang et al., 2017, 2018a, 2018b). Bai et al.
(2018) show that many regions in the Liaoning, Jilin and Heilongjiang provinces have already become polluted with N and P
because of the intensive agricultural activities. This will worsen if
more pig production moves to these provinces.
4. Conclusion
The study maps and links, for the ﬁrst time, the VW ﬂows
related to the trade of a feed crop (TS1) and the trade of an animal
product based on this feed (TS2), taking the water-for-maize-forpig-for-pork example in China over the period 2000e2013 as a
study case. Although there was visible reduction in WF per unit
mass of maize (by 23%), the net VW ﬂow related to maize trade
(TS1) from the water-scarce North to the more water-abundant
South of China grew by 40%, related to the doubling of the trade
volume over the study period. In the reversed direction, the net VW
ﬂow from South to North related to maize embedded in traded pork
(TS2), increased by 25% over the same period. Regarding blue VW
ﬂows speciﬁcally, North-to-South blue VW ﬂows decreased by 5%
in TS1, while South-to-North blue VW ﬂows increased by 23% in
TS2.
With this assessment, we illustrate the complexity of environmental burden shifting through trade in the case of an animal
product supply chain. The current case for Chinese pork reveals that
the environmental burden related to pork consumption in the
South is shifted to the North, because of the import of feed maize
from the North. However, not all feed maize imported from the
North to produce pork in the South can be accounted to pork
consumption in the South, since some of the pork produced in the
South with feed from the North is traded back to the North.
Enhancing both feed and pork production in northern regions as in
governmental plans may boost local income but will be at the cost
of intensiﬁed water scarcity.
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