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Abstract. Almost 90 % of freshwater resources consumed
globally are used to produce plant and animal commodities.
Water-scarce countries can balance their water needs by importing food from other countries. This process, known as
virtual water transfer, represents the externalization of water
use. The volume and geographic reach of virtual water transfers is increasing, but little is known about how these transfers redistribute the environmental costs of agricultural production. The grey water footprint quantifies the environmental costs of virtual water transfers. The grey water footprint
is calculated as the amount of water necessary to reduce nitrogen concentrations from fertilizers and pesticides released
into streams and aquifers to allowed standards. We reconstructed the global network of virtual grey water transfers
for the period 1986–2010 based on international trade data
and grey water footprints for 309 commodities. We tracked
changes in the structure of the grey water transfer network
with network and inequality statistics. Pollution is increasing
and is becoming more strongly concentrated in only a handful of countries. The global external grey water footprint, the
pollution created by countries outside of their borders, increased 136 % during the period. The extent of externalization of pollution is highly unequal between countries, and
most of this inequality is due to differences in social development status. Our results demonstrate a growing globalization
of pollution due to virtual water transfers.

1

Introduction

About 90 % of freshwater used by humans is allocated to
agricultural production (Rost et al., 2008; Baron et al., 2002;
Hoekstra and Chapagain, 2008). Due to the tight link between water and food, water crises are typically characterized by a lack of sufficient freshwater resources for food

production rather than a lack of drinking water (Falkenmark
and Rockstrom, 2006). With the populations of some countries already exceeding their carrying capacity (defined by
water resources), isolation from the international community
may induce water and subsequent food crises (Seekell, 2011;
Suweis et al., 2013). However, these countries can balance
their water needs by importing plant and animal commodities
from other regions. This trade allows countries to “virtually”
use water available in other countries (Allan, 1998). This volume of water used during the overall process of production of
a commodity is defined as a water footprint (Hoekstra et al.,
2011). In this manner, when a commodity is traded between
two countries, the water resources associated with the production of that commodity are transferred “virtually” from
the exporter to the importer (Chapagain and Hoekstra, 2008;
Hoekstra and Chapagain, 2008; Liu and Savenije, 2008; Liu
et al., 2007).
Recent analyses of virtual water transfers have revealed
both positive and negative impacts. Virtual water transfers
favor regional mitigation of water scarcity and food security in overpopulated countries, thereby preventing malnourishment and water wars (Allan, 1998). Virtual water transfers also increase global water-use efficiency because commodities can be produced in regions where production wateruse efficiency is relatively high, then transported to regions
where the production water-use efficiency is relatively low
(Chapagain et al., 2006; Konar et al., 2012). However, virtual
water transfers are not directly related to water scarcity, and
empirical analyses find that wealthy countries have disproportionate access to external water resources relative to less
wealthy countries (Seekell et al., 2011). Further, virtual water
transfers reduce long-term societal resilience to drought, raising important questions about the sustainability of the global
trade system from a water resources perspective (D’Odorico
et al., 2010).
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Virtual water transfers disconnect populations from the
resources they use by creating geographic separation between production and consumption (Carr et al., 2012a, 2013;
D’Odorico et al., 2012; Hoekstra and Chapagain, 2008). A
consequence of this is consumers might not be directly affected by the environmental degradation resulting from the
non-local production of (food) commodities (e.g., soil erosion and pollution from fertilizers and pesticides). In this
manner, highly developed countries may be able to externalize pollution disproportionally relative to less developed
countries. However, little is known about the global extent and long-term changes in the externalization of pollution through virtual water transfer (Mekonnen and Hoekstra,
2011).
Here, we reconstructed the global network of agricultural pollution based on international trade records and
commodity/nation-specific grey water footprints for the period 1986–2010. The grey water footprint, a metric of pollution, is the hypothetical volume of freshwater needed to
dilute nitrogen pollution caused by the production of commodities (e.g., Hoekstra and Chapagain, 2008; Mekonnen
and Hoekstra, 2011). Countries that import grey water externalize their pollution to countries that export grey water
(Fig. 1), while countries that export grey water accumulate
pollution within their borders (Fig. 1). Patterns of grey water
trade relative to previously described patterns in blue (surface
water and ground water) and green (soil water) water transfer (Carr et al., 2012a) were explored. We also examined the
contributions of trade to inequality in pollution, in terms of
grey water use, and evaluated the role of social development
status in influencing that inequality. Our results indicate that
the externalization of pollution is increasing and the burden
of pollution is being concentrated in a handful of countries.

2
2.1

Methods
Data calculation of grey water footprints

We reconstructed international grey water transfers for agricultural commodities for the period 1986–2010 using United
Nations trade records (FAOSTAT, faostat.fao.org, Supplement) and commodity-specific estimates of grey water footprints based on nitrogen fertilizer use from Mekonnen and
Hoekstra (2010, 2011, 2012). These estimates assume that
a set fraction of applied nitrogen fertilizer is lost in soil
drainage and runoff. We converted live animal weight to “carcass weight” before calculating grey water footprints for live
animals. Changes in commodity-specific water footprints
were minor during this period (e.g., Sun et al., 2013); hence
we assumed that the commodity-specific footprints remain
constant over the study period (using estimates based on the
period 1996–2005). Political boundary changes during the
study period were rectified according to Carr et al. (2013). In
this method of analysis, the grey water footprint is a metric
Hydrol. Earth Syst. Sci., 18, 503–510, 2014

Fig. 1. Green and blue water are virtual water sourced from soil and
surface water, respectively. Virtual water goes from exporters to importers in the form of commodities, but the pollution due to production stays in the exporting country. Hence exporters accumulate the
pollution of importers and importers externalize their pollution at
the expense of the exporters. The dashed arrows for pollution and
grey water represent that these are theoretical flows. While not actually being transferred, the avoidance or burden of pollution, and
the accumulation or deficit of grey water, are phenomena with real
consequences.

of pollution resulting from agricultural production, but is not
necessarily an estimate of environmental degradation (Hoekstra et al., 2011; Liu et al., 2012). Regardless, the grey water
footprint is useful for understanding the dynamics of the grey
water transfer network, and, overall, these methodologies are
consistent with recent analyses of blue and green virtual water transfer networks (D’Odorico et al., 2012; Suweis et al.,
2013; Carr et al., 2013).
The total grey water footprint of a country (GWFT ) was
calculated as the sum of the grey water production (GWP )
and the net trade of grey water (GWNT ), which is equal to the
import–export balance between grey water imports (GWI )
and grey water exports (GWE ).
GWFT = GWP + GWNT = GWP + GWI − GWE

(1)

Hence, the GWFT is comprised of both internal (production
– export) and external (import) components. Due to inconsistencies between the trade and production data sets relative
to the re-exportation of commodities, roughly nine countries
per year (< 0.05 % of the global grey water footprint) had
negative total grey water footprints. These nodes and their
associated links were removed from the analysis.
2.2

Statistical analysis

Complex network analysis was used to analyze variability in
the structure of the grey water trade networks (e.g., Konar et
al., 2011; Carr et al., 2012b). Each country defines a node in
the network, and each trade connection specifies a directed
link between nodes (Carr et al., 2012b, 2013). We focused
our analysis on the grey water export network because this
quantifies the “pollution damage” countries “self-inflict” by
www.hydrol-earth-syst-sci.net/18/503/2014/
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supplying commodities to other nodes. However, the network
statistics for the import network are provided for comparison
to previous studies on the virtual (blue + green) water network (Konar et al., 2011; Carr et al., 2012b).
For each year, the degree of each node, calculated as the
number of active grey water export links, and the global network degree, the sum of all countries’ degrees, were used to
describe the level of connectivity in the grey water trade network. Similarly for each year, the individual export strength
of each node and the sum of the grey water exports for each
country were calculated as the total strength of the export
network. The relationship between nodal strength and degree
was evaluated by fitting the power-law equation
s = ck a

(2)

where s is node strength, k node degree, and c and a fit values
(Konar et al., 2011). The power exponent is a measure of
the concentration of the strength of the network relative to
the degree of the nodes. Higher exponents indicate a more
concentrated network of grey water trade because nodes with
higher degrees have more export links, but each link also has
a higher volume of virtual water, on average.
Virtual water transfers may exacerbate or reduce inequalities in water use (Carr et al., 2012a). Inequalities in pollution could be associated with ethical concerns, especially
if differences in the burden of pollution are driven by social development factors (Carr et al., 2012a). To this end,
we calculated inequality statistics to understand variability
in total grey water footprints (e.g., Seekell et al., 2011). Inequality was quantified with the Gini coefficient (Yao, 1999).
The Gini coefficient is a standardized inequality metric that
ranges from zero (indicating perfect equality; all countries
use the same amount of water) to one (indicating perfect inequality; one country uses all of the water). We decomposed
Gini coefficients to identify the relative contributions of internal and external grey water use to overall inequality (Yao,
1999; Seekell et al., 2011). Gini coefficient decompositions
are analogous to analyses of variance, which partition variance within and between groups. However, the Gini coefficient provides a standardized measure of variance, which
facilitates comparisons of inequality between different resource types (e.g., Chen et al., 2010). Large contributions
of external use indicate that trade is mostly responsible for
inequality, whereas large contributions of internal use indicate that within-country consumption (primarily controlled
by geographic factors) accounts for most of the international
variability in grey water use (Seekell et al., 2011). We evaluated the contributions of social development status to inequality by grouping countries together based on social development status (defined here by delineating the Human
Development Index (HDI) into three classes 0 ≤ HDI ≤ 0.5;
0.5 < HDI ≤ 0.8; 0.8 < HDI ≤ 1) and decomposing the Gini
coefficient based on these groups (Seekell et al., 2011). The
results of the decomposition are measures of the proportional
contributions of within- and between-class inequality to the
www.hydrol-earth-syst-sci.net/18/503/2014/

Fig. 2. Net grey water trade (imports–exports in m3 yr−1 ) in 1986
and 2010. The red countries are grey water net exporters, meaning
that they are burdened with agricultural pollution from virtual water that was subsequently transferred to other countries. The blue
countries are grey water net importers, meaning that they externalize agricultural pollution by importing virtual water from other
countries. The identities of large net importers and exporters were
relatively static over the 25 yr record. However, countries, such as
China, switch.

overall measure of inequality (Table 1) (Yao, 1999). Withinclass inequality is a measure of the inequality in the grey water footprint that occurs between countries within their social
development class (low, middle and high), and between-class
inequality measures the inequality that exists between the aggregate social development classes. Prior analyses of water
footprints found that social development status contributes
differently to internal and external water use (see Seekell et
al., 2011). As such, this analysis was performed for the years
of the study period with both HDI data as well as internal and
external grey water footprints. Any countries for which HDI
data were not available in a given year were removed from
the groupings for that year.
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Table 1. Gini coefficients for total, internal, and external grey water footprints (GWF). Ga is the proportion of inequality due to differences
within social development classes. Gb is the proportion of inequality due to differences between social development classes. Ga and Gb do
not sum to unity because some inequality is caused by overlap between classes (Seekell et al., 2011).
Total GWF

3
3.1

Internal GWF

External GWF

Year

Gini

Ga (%)

Gb (%)

Gini

Ga (%)

Gb (%)

Gini

Ga (%)

Gb (%)

1986
1990
2000
2005
2006
2007
2008
2009
2010

0.545
0.530
0.528
0.517
0.503
0.498
0.505
0.506
0.495

0.341
0.359
0.332
0.442
0.459
0.432
0.428
0.431
0.459

0.494
0.440
0.279
0.236
0.204
0.261
0.261
0.254
0.264

0.592
0.461
0.514
0.503
0.489
0.475
0.492
0.488
0.474

0.362
0.433
0.350
0.473
0.486
0.423
0.367
0.459
0.454

0.397
0.441
0.236
0.126
0.075
0.145
0.162
0.150
0.130

0.780
0.780
0.743
0.730
0.721
0.716
0.728
0.714
0.726

0.190
0.188
0.244
0.289
0.294
0.290
0.280
0.282
0.310

0.672
0.684
0.647
0.563
0.562
0.554
0.587
0.582
0.576

Results

Table 2. Top net importers and net exporters of grey water (billion
m3 yr−1 ) in 1986 and 2010.

Summary results
Net importers

The global grey water footprint increased substantially over
the record (1.26 trillion m3 yr−1 in 2010 from 790 billion
m3 yr−1 in 1986), but the identities of major grey water importers and exporters showed little change (Fig. 2; Table 2).
In 1986, the United States was the largest exporter of grey
water (approximately 23 billion m3 yr−1 ). Thus, in the perspective here, the United States was accumulating the most
agricultural pollution due to virtual water transfers in comparison to other countries. In 1986, Japan was the largest
importer of grey water (approximately 9.3 billion m3 yr−1 ),
externalizing the most agricultural pollution through virtual
water transfers. The United States maintained its position
as the largest exporter through 2010 (41 billion m3 yr−1 ).
Germany and China were the two largest importers in 2010
(18 and 15 billion m3 yr−1 , respectively). The largest grey
water transfers were between the Netherlands and Germany
(7.49 billion m3 yr−1 ), the United States and Mexico (5.34
billion m3 yr−1 ), and the United States and Japan (5.10 billion m3 yr−1 ). In total, the volume of grey water externalized
through trade in 2010 was 239 billion m3 yr−1 .
In 1986, China had the largest total grey water footprint
(166 billion m3 yr−1 ), equal to roughly 21 % of the global
grey water footprint (793 billion m3 yr−1 ) for that year. However, China’s average per capita GWF (152 m3 yr−1 /person)
was smaller than many countries in the western Hemisphere
(Fig. 3). In 2010, China maintained the largest total grey water footprint (386 billion m3 yr−1 ) equal to 31 % of the global
grey water footprint. China’s per capita grey water footprint
was substantially higher in 2010 (293 m3 yr−1 ) than in 1986
(152 m3 yr−1 ), but was still lower than western countries
(Fig. 3).
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1986
Japan
Italy
USSR
Germany
Egypt

Volume of GW
9.06
5.69
5.29
3.30
2.11

2010
Japan
Italy
China
Iran
Germany

Volume of GW
9.43
8.69
6.92
6.27
5.91

Net exporters
1986
United States
Canada
Greece
Australia
China

3.2

Volume of GW
−18.0
−6.26
−3.70
−3.62
−2.43

2010
United States
Canada
Netherlands
Slovenia
Brazil

Volume of GW
−30.2
−12.3
−12.2
−4.92
−4.72

Network analysis results

Global food trade intensified substantially over the 25 yr
record, both in terms of the number of active trade links
and the overall strength of the nodes (Fig. 4). There were
205 active trading nodes (countries) and 8644 active trading
links in 1986. By 2010, the number of active trading links
increased by 70 % to 14 669, but the number of active nodes
remained roughly the same (208). The total strength of the
network (i.e., the sum of all fluxes in the network) increased
by 136 % (Fig. 4). The average strength per trade link also
increased over this time period from 11.7 million m3 yr−1 to
16.3 million m3 yr−1 . These results indicate that the global
food trade network became more connected during the period 1986–2010 (Fig. 4). These changes parallel previously
reported long-term trends in total (green + blue) virtual water trade networks (Carr et al., 2012a), which showed a 92 %
increase in the number of active trading links and a doubling
www.hydrol-earth-syst-sci.net/18/503/2014/
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Fig. 3. National grey water footprints (per capita) in 1986 and 2010.

of network strength, with only a small change in number of
active nodes.
For the grey water export network, the scaling exponent
for the strength-degree power-law equation fluctuated about
a mean of 2.52 (standard deviation = 0.11). The scaling exponent for the import network had a mean of 2.70 (standard
deviation = 0.10). There was no discernible trend in the exponents, and the scaling exponent for the import network is
consistently higher than the scaling exponent for the export
network. The high exponents (i.e., > 1) show that the average strength of trade links connected to countries with a large
number of trade partners is greater than for countries with
fewer trade partners. This finding indicates that the global
food trade network is concentrated in a few very well connected countries (“hubs”), and its grey water flows are not
spread out amongst many nations with fewer links (Konar
et al., 2012). The higher exponent for imports rather than
exports indicates that as countries increase their number of
trade partners, on average, they externalize their pollution at
a faster rate than they subject themselves to pollution due to
internal production (cf. Konar et al., 2012).
3.3

Inequality analysis results

The Gini coefficient for the total grey water footprint varied between 0.50 and 0.55 (mean = 0.51). The Gini coefficient decreased during the study period due to changes in inequality in the internal grey water footprint, but this change
www.hydrol-earth-syst-sci.net/18/503/2014/

Fig. 4. (A) The total strength (m3 yr−1 ) of the global grey water
trade increased over the 25 yr period. (B) The average nodal degree
in the network increased over the 25 yr period. (C) The global total
grey water footprint increased over the 25 yr period.

was small relative to the overall magnitude of inequality (Table 1). These grey water Gini coefficients are twice the previously reported values (0.226) for total (blue + green) water
footprints (Seekell et al., 2011). External grey water footprints were highly unequal (mean Gini coefficient = 0.74),
but only accounted for 14.1 % of the inequality in the total grey water footprint because external water footprints are
small compared internal water footprints and internal grey
water footprints had lower inequality (mean Gini coefficient
= 0.50). Internal grey water footprints accounted for an average of 85.9 % of the inequality in the total grey water footprint. In other words, agricultural commodities produced and
consumed within a country account for most of the inequality
in agricultural pollution between countries.
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In 1986, differences in social development status accounted for 49 % of inequality in the total grey water footprint. This decreased substantially over time, and by 2010
differences in social development status only accounted for
26 % of inequality in the total grey water footprint. This
change is mainly due to changes in internal grey water footprint inequality. Differences in social development status accounted for 40 % of inequality in internal footprints in 1986,
but this decreased to only 13 % in 2010. In contrast, social
development status accounts for the largest portion of inequality in the external grey water footprint (60 %, on average). The most developed nations had, on average, the highest external grey water footprints.

4

Discussion

The externalization of pollution due to agricultural production is pervasive globally, and grey water network strength
increased considerably during the study period (1986–2010;
Fig. 4). This is a general result of the intensification of international trade and is consistent with previous reports of
blue and green virtual water transfers during the same period (e.g., Carr et al., 2012a). As a consequence, grey water
transfers will likely increase with projected increases in virtual water transfers (Dalin et al., 2012; Suweis et al., 2011).
Our analysis extends these previous results by making the
first descriptions of the structure and dynamics of the grey
water transfer network, as well as the first measurements of
inequality in grey water use.
The internal grey water footprint accounts for the majority of the inequality in grey water distribution among countries relative to the external grey water footprint. However,
the external grey water footprint associated with the transfer of grey water among countries is important both because
of the ongoing increase in the volume of grey water trade
and because of the strong inequalities existing in the external
grey water footprint among countries. This inequality exists
because socioeconomic differences among countries create
unequal abilities to externalize agricultural pollution (Seekell
et al., 2011). Over time, this may result in a scenario where
wealthy countries disproportionally pollute others because
they have a greater access to international trade and, therefore, a greater ability to externalize their pollution; while less
wealthy countries face the opposite scenario. Understanding
the dynamics of the grey water transfer network is critical
to understanding the potential fairness issues associated with
this type of inequality.
The substantial between-class inequality in the external
grey water footprint (Table 1) indicates that social development status contributes to inequality in the externalization
of pollution. Specifically, highly developed countries have
the highest per capita externalization of pollution, and the
least developed countries have the lowest. Our scaling analyses revealed that more highly connected countries externalHydrol. Earth Syst. Sci., 18, 503–510, 2014

ize pollution at a greater rate than they accumulate pollution. More highly developed and connected countries likely
increase their imports of luxury animal products, which are
associated with higher grey water footprints. Hence the differences in network structure are likely due to differences in
the consumptive patterns associated with changes in wealth
(cf. Carr et al., 2013). This pattern has some exceptions; for
instance, the United States is a highly developed country and
is the largest exporter of grey water. However, the United
States also offshores a significant amount of agricultural pollution (it is one of the top four importers of grey water, and
was the most connected country in the global network of food
trade in 2010).
Our results prompt ethical and social questions. For instance, differences in development status could lead to concerns that less developed countries are unfairly targeted with
pollution, and while the role of development status in influencing ethical concerns is complex, is it okay for the more
developed countries to externalize their pollution disproportionally? In terms of externalizing pollution, the answer is in
part context dependent, because water resources are unequal
in distribution naturally, and because some regions are likely
to have a greater capacity to buffer pollution than others
(Seekell, 2011; Liu et al., 2012; Ridoutt and Huang, 2012).
Also, virtual water (blue + green water) transfers are generally not an explicit consideration in trade decisions (Allen,
1998). Hence, it is likely that grey water is not directly considered as well. Further, if the situation were reversed, would
there still be an ethical concern related to development status? While measures of inequality are typically made relative
to hypothetical cases of complete equality, it is not clear if an
equal distribution is a necessary goal in terms of environmental justice. For instance, Craswell et al. (2010) evaluated
phosphorus transfers from the perspective that redistributing phosphorus will allow for greater production of agricultural goods. Craswell et al. (2010) considered phosphorus
as a necessary but sometimes scarce resource (as opposed
to a pollutant), changing the ethical concerns related to offshoring – not enough offshoring may reduce food security
in phosphorus-poor countries. Judging the relative merits of
these perspectives from a fairness point of view is beyond
the scope of our quantitative analysis; however emerging sociohydrological studies, such as ours, stand to contribute the
quantitative results necessary to inform these more philosophical discussions of global water management and food
security.
Our estimate for the total grey water footprint (approximately 1010 million m3 yr−1 on average over the period
1996–2005) is larger than the previously reported estimate
by Mekonnen and Hoekstra (2012). This difference is likely
due to different trade databases. Despite this difference,
grey water footprints are still conservative metrics of pollution as they were estimated based only on nitrogen runoff
(Mekonnen and Hoekstra, 2010, 2011) and do not account
for other pollutants. For example, while nitrogen pollution is
www.hydrol-earth-syst-sci.net/18/503/2014/
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important for coastal systems, phosphorus is typically considered the key nutrient in degrading of inland surface water
resources and is not accounted for in this analysis (Carpenter
and Bennett, 2011). Nonetheless, the results here are useful
as a first step in illustrating the extent and structure of the
global trade network and externalization of pollution.
In conclusion, the water resource degradation associated
with the production and trade of agricultural commodities
has been estimated by using the concept of a grey water footprint in order to examine effects of globalization and differences in social development status on the accumulation of
pollution. As population and demand for food have increased
globally, so has the pollution due to agricultural food production. Moreover, trade provides a mechanism that, while
allowing for virtual access to the water resources of a trade
partner, directly leads to the externalization of pollution. As
a result, consumers are not completely affected by the environmental impacts of their choices, and they may not feel the
need to adopt environmentally responsible consumer behaviors voluntarily. In this sense the externalization of pollution
through grey water trade may lead to a loss of environmental
stewardship. Importantly, differences in social development
status are the source of most of the inequality in the externalization of pollution, raising potential ethical concerns. These
ethical questions cannot be answered with quantitative analysis alone, and development of a social and philosophical
understanding of water issues at the global scale stands to
enrich our collective understanding of global water resource
issues.
Supplementary material related to this article is
available online at http://www.hydrol-earth-syst-sci.net/
18/503/2014/hess-18-503-2014-supplement.pdf.
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Appendix A: Commodities used in the calculation of total GWF for each country.
Commodity
Wheat
Flour of Wheat
Macaroni
Bread
Rice, paddy
Rice Husked
Rice Milled
Rice Broken
Rice Flour
Barley
Barley Pearled
Barley Flour and Grits
Malt
Beer of Barley
Maize
Flour of Maize
Maize oil
Rye
Flour of Rye
Oats
Oats Rolled
Millet
Sorghum
Buckwheat
Quinoa
Fonio
Triticale
Canary seed
Mixed grain
Cereals, nes
Potatoes
Potatoes Flour
Frozen Potatoes
Potato Offals
Tapioca of Potatoes

Sweet potatoes
Cassava
Flour of Cassava
Tapioca of Cassava
Cassava Dried
Cassava Starch
Yautia (cocoyam)
Taro (cocoyam)
Yams
Roots and Tubers, nes
Flour of Roots and Tubers
Sugar cane
Sugar beet
Maple Sugar and Syrups
Sugar crops, nes
Sugar Raw Centrifugal
Sugar Refined
Molasses
Other Fructose and Syrup
Sugar, nes
Sugar flavoured
Glucose and Dextrose
Beans, dry
Broad beans, horse beans,
dry
Peas, dry
Chick peas
Cow peas, dry
Pigeon peas
Lentils
Bambara beans
Vetches
Lupins
Pulses, nes
Flour of Pulses
Brazil nuts, with shell
Cashew nuts, with shell
Chestnuts

Almonds, with shell
Walnuts, with shell
Pistachios
Kolanuts
Hazelnuts, with shell
Arecanuts
Almonds Shelled
Walnuts Shelled
Hazelnuts Shelled
Nuts, nes
Prepared Nuts
(Exc.Groundnuts)
Soybeans
Soybean oil
Cake of Soybeans
Soya Sauce
Soya Paste
Soya curd
Groundnuts, with shell
Groundnuts Shelled
Groundnut oil
Coconuts
Copra
Coconut (copra) oil
Palm kernels
Palm oil
Palm kernel oil
Cake of Palm Kernel
Olives
Olive oil, virgin
Olives Preserved
Karite Nuts (Sheanuts)
Butter of Karite Nuts
Castor oil seed
Oil of Castor Beans
Sunflower seed
Sunflower oil
Sunflower Cake

Rapeseed
Rapeseed oil
Cake of Rapeseed
Olive Residues
Oil of Jojoba
Safflower seed
Sesame seed
Sesame oil
Mustard seed
Poppy seed
Melonseed
Cottonseed
Cottonseed oil
Cake of Cottonseed
Linseed
Linseed oil
Cake of Linseed
Hempseed
Oilseeds, Nes
Oil of vegetable origin, nes
Cabbages and other
brassicas
Artichokes
Asparagus
Lettuce and chicory
Spinach
Tomatoes
Tomatojuice Concentrated
Juice of Tomatoes
Paste of Tomatoes
Tomato Peeled
Cauliflowers and broccoli
Pumpkins, squash and
gourds
Cucumbers and gherkins
Eggplants (aubergines)
Chillies and peppers, green
Onions (inc. shallots),
green

Onions, dry
Garlic
Beans, green
Peas, green
String beans
Carrots and turnips
Okra
Maize, green
Sweet Corn Frozen
Veg.Prod.Fresh Or Dried
Carobs
Vegetables fresh nes
Juice of Vegetables Nes
Vegetables Dehydrated
Vegetables in Vinegar
Vegetables Preserved Nes
Vegetable Frozen
Bananas
plantains
Oranges
Orange juice, single
strength
Tangerines, mandarins,
clem.
Lemons and limes
Grapefruit (inc. pomelos)
Juice of Grapefruit
Citrus fruit, nes
Citrus juice, single strength
Apples
Cider Etc
Apple juice, single strength
Pears
Apricots
Dry Apricots
Sour cherries
Cherries
Peaches and nectarines

Plums and sloes
Plums Dried (Prunes)
Stone fruit, nes
Strawberries
Raspberries
Gooseberries
Currants
Blueberries
Cranberries
Berries Nes
Grapes
Raisins
Grape Juice
Must of Grapes
Wine
Vermouths&Similar
Marc of Grapes
Watermelons
Other melons
(inc.cantaloupes)
Figs
Mangoes, mangosteens,
guavas
Avocados
Pineapples
Juice of Pineapples
Dates
Cashew apple
Kiwi fruit
Papayas
Fruit, tropical fresh nes
Fruit Tropical Dried Nes
Fruit Fresh Nes
Fruit Juice Nes
Coffee, green
Coffee Roasted
Cocoa beans
Cocoa Paste

Cocoahusks;Shell
Cocoa Butter
Cocoapowder&Cake
Chocolate Prsnes
Tea
Hops
Pepper (Piper spp.)
Chillies and peppers, dry
Vanilla
Cinnamon (canella)
Cloves
Nutmeg, mace and
cardamoms
Anise, badian, fennel,
corian.
Ginger
Spices, nes
Peppermint
Cotton lint
Cotton Carded,Combed
Cotton Waste
Cotton Linter
Flax fibre and tow
Flax Tow Waste
Hemp Tow Waste
Jute
Other Bastfibres
Ramie
Sisal
Agave Fibres Nes
Manila Fibre (Abaca)
Fibre Crops Nes
Tobacco, unmanufactured
Natural rubber
Cattle
Cattle meat
Offals of Cattle, Edible
MeatCattleBoneless(Beef&Veal)

Meat of Beef,Drd,
Sltd,Smkd
Sausage Beef&Veal
Cow milk, whole, fresh
Butter Cow Milk
Milk Skm of Cows
Milk Whole Cond
Whey Condensed
Yoghurt
Butterm.,Curdl,Acid.Milk
Milk Whole Dried
Milk Skimmed Dry
Cheese of Whole Cow Milk
Whey Cheese
Processed Cheese
Prod.of Nat.Milk Constit
Cattle hides
Hides Wet Salted Cattle
Hidesdry S.Cattle
Sheep
Sheep meat
Offals of Sheep,Edible
Cheese of Sheep Milk
Skins Nes Sheep
Skins With Wool Sheep
Goats
Goat meat
Offals of Goats, Edible
Cheese of Goat Mlk
Goatskins
Pigs
Pig meat
Offals of Pigs, Edible
Fat of Pigs
Bacon and Ham
Sausages of Pig Meat
Prep of Pig Meat
Chickens

Hen eggs, in shell
Eggs Liquid
Eggs Dried
Duck meat
Goose and guinea fowl
meat
Turkey meat
Other bird eggs,in shell
Horses
Horse meat
Hair of Horses
Hides Wet Salted Horses
Hides Dry Slt Horses
Hides Unsp Horse
Asses
Mules
Offals other camelids
Cocoon Unr.&Waste
Hair Coarse Nes
Food Prep Nes

