<@ sustainability

Article

Decomposition of Water Footprint of Food Consumption in
Typical East Chinese Cities

Ruogu Huang !, Xiangyang Li ?, Yang Liu !, Yaohao Tang 3 and Jianyi Lin 1*

check for

updates
Citation: Huang, R.; Li, X,; Liu, Y,;
Tang, Y.; Lin, J. Decomposition of
Water Footprint of Food
Consumption in Typical East Chinese
Cities. Sustainability 2021, 13, 409.
https:/ /doi.org/10.3390/su13010409

Received: 22 December 2020
Accepted: 30 December 2020
Published: 5 January 2021

Publisher’s Note: MDPI stays neu-
tral with regard to jurisdictional clai-
ms in published maps and institutio-

nal affiliations.

Copyright: ©2021 by the authors. Li-
censee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

Key Lab of Urban Environment and Health, Fujian Key Laboratory of Watershed Ecology, Institute of Urban
Environment, Chinese Academy of Sciences, 1799 Jimei Road, Xiamen 361021, China;

rghuang@iue.ac.cn (R.H.); yangliu@iue.ac.cn (Y.L.)

Pearl River Water Resource Commission of the Ministry of Water Resources, 80 Tianshou Road,
Guangzhou 510611, China; xyli@pearlwater.gov.cn

School of Earth Sciences and Engineering, Hohai University, 1 Xikang Road, Nanjing 210098, China;
qq530301213@163.com

*  Correspondence: jylin@iue.ac.cn; Tel.: +86-592-619-0658

Abstract: Water scarcity has put pressure on city development in China. With a particular focus on
urban and rural effects, logarithmic mean Divisia index decomposition (LMDI) was used to analyze
the water footprint per capita (WFP) of food consumption in five East China cities (Beijing, Tianjin,
Shanghai, Qingdao, and Xiamen) from 2008 to 2018. Results show that the WFP of food consumption
exhibited an upward tendency among all cities during the research period. Food consumption
structure contributed the most to the WFP growth, mainly due to urban and rural residents’ diet shift
toward a livestock-rich style. Except in Beijing, the food consumption level mainly inhibited the WFP
growth due to the decrease in food consumption level per capita in urban areas. Urbanization had
less influence on WEP growth for two megacities (Beijing and Shanghai) due to the strictly controlled
urban population inflow policy and more positive effects for other cities. The water footprint intensity
effect among cities was mainly due to uneven water-saving efficiency. Meanwhile, Beijing and Tianjin
have achieved advancement in water utilization efficiency.

Keywords: water footprint per capita; food consumption; east China cities; LMDI

1. Introduction

The Sustainable Development Goals (SDGs) of the United Nations proposed the
expectations for future water availability and sustainable usage, which recognized the
vital role of water management in urban sustainable development [1-3]. As a major
water consumer, agricultural food production currently has the largest share in the total
water consumption (61.2%) of China [4-6]. With a considerable booming population and
continuous urbanization in China, a growing centralized water resource is needed to
meet the demands of the urban food supply [7,8]. Since populations gradually gathered in
eastern coastal areas, which are usually water-stressed [9,10], the growing urban population
imposes apparent pressure on local water management [11,12].

Hoekstra introduced Water Footprint (WF) in 2002 to analyze residential water con-
sumed in a particular region with regard to food consumption [13,14]. This parameter
is defined as the volume of water needed for goods and services consumed in a certain
period and links the physical water usage with virtual indirect water usage in the analy-
sis [13,15,16]. Owing to its wide application and non-imitated research objects, WF provides
a new access point for water consumption monitoring and has gradually become an impor-
tant indicator for water resource management [17]. A certain amount of WF assessment
studies have been conducted at the national, regional, and provincial-scale to study influ-
ences brought by differentiation in spatial water resource distribution and socio-economic
development level of cities [18-25]. Researches also investigated single commodities to ana-
lyze WF in the agricultural sector at the micro-level [26-28]. WF calculation methodologies
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can generally be divided into top-down (sector-based) and bottom-up (product-based) [29].
Due to the few data availability requirements, the bottom-up technique has the superiority
in assessing the water consumption of goods and products in the delineated area [17,30].

Excepted for calculating WE, decomposition methods have normally been applied
in previous studies to examine the effect of a single factor on the total WF changing
progress, aiming to find solutions for urban water management challenges [31]. Especially
when the WF changes are calculated through the bottom-up route, the logarithmic mean
Divisia index (LMDI) model is the preferred technique for evaluating the primary driving
forces [32]. At the national level, Cao et al. (2020) investigated the environmental footprint
changes (including water, carbon, and ecological footprint) of the China food system from
1961 to 2017 by using LMDI and highlighted the diet pattern, which became the major
driving factor since the 1990s [33]. Zhao and Chen (2014) evaluated China’s agricultural
WEF from 1990 to 2009 by breaking down influencing factors on agricultural WF into diet
structure, efficiency, economic activity, and population effect, which was pointed out to be
the major contribution of economic activity effect on WF growth [30]. When narrowing
down to regional research, studies suggested that urbanization was another potential
key factor in WF changes [5,34]. For instance, Sun (2019) decomposed the WEF per capita
changes of province-level cities in China’s capital region. The results indicated that, with
the socio-economic development, the urbanization and food consumption level effect were
the leading drivers on WF growth [7]. Furthermore, scholars also focused on WF analysis
of the single city. Kang et al. (2017) investigated the driving forces of water intensity, food
consumption structure, food consumption level, population, and urban population rate
on urban food consumption water footprint in Xiamen and pointed out that population
effects were the primary contributors [35]. While studies have been conducted from the
perspective of Chinese food consumption, WF decomposition was mainly conducted at the
macro level in national or provincial scope. WF decomposition has not been previously
compared among cities with high geographical differentiation and varying development
levels. The sustainable use of water resources may require extra efforts at the micro-level
to better meet local conditions.

Therefore, based on the food consumption perspective, this study quantifies and then
compares the WF in five cities (Beijing, Tianjin, Shanghai, Qingdao, and Xiamen) in East
China from 2008 to 2018. LMDI decomposition is further conducted to investigate the
driving factors underlying WF growth among five cities, which could be useful for relevant
policy-making towards future urban sustainability development. This paper is structured
as follows: WF calculation for residential food consumption and LMDI decomposition is
first introduced; the results and discussion of decomposition factors are then presented;
and conclusions and recommendations are proposed.

2. Materials and Methods
2.1. WF Calculation

WEF can be classified into three types, namely, green, blue, and grey water. Green
water refers to the rainfall used by crops in the production period, and blue water is the
surface and groundwater evaporated in the production period [36]. Grey water is excluded
from this study because it relies heavily on data availability [29]. Owing to the variations
in population size among cities, WF per capita (WFP) is adopted for comparison. The WFP
of residential food consumption constituting livestock and crop WF is calculated with the
bottom-up method:

WFP = Zn VVVCZ * Ci/ (1)

where WFP represents the WF consumption per capita (m3/cap), VWC; is the virtual water
of crop or livestock product i (m3/kg), and C; is the consumption volume per capita of
crop or livestock product i (kg/cap).

The VWC value of the crop is calculated using CropWat software suggested by the Food
and Agriculture Organization database and CLIMWAT software [37] to acquire necessary
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climate data from each city. The livestock VWC value refers to that reported by Chapagain
and Hoekstra [15] in China, and the sugar VWC value is adopted from Wu et al. [10].

2.2. LMDI on Food Consumption WFP

Inspired by Kang et al. [35], LMDI is applied to investigate the driving factors underly-
ing the WFP changes in residential food consumption among cities. Owing to the difference
in population density among five cities, the WFP in each city is calculated for compar-
ison [7]. The factors affecting the WEP residential food consumption are decomposed
into WF intensity (the VWC value per kg of crop or livestock product), food consumption
structure, food consumption level, and urbanization rate (the proportion of the urban
population in total population) [4,5,35]. The decomposition equation is as follows:

'WPPi~UM ,'WFP;'UM i u i r
WEP = LiWFL Ut =L WFP,-% + CWEFDP!- %
z z @

< WFPL Ci ¢, U WFP. C. ¢, U, _ i ci i .qi
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where WFP is the water footprint per capita of residential food consumption; WFP! and
WEP! represent urban and rural WFPs of product i, respectively; U is the total population;
U, and U, represent the urban and rural populations, respectively; C;, and C, are the total
volume of food consumption per capita in urban and rural areas, respectively; C}, and C!
represent the consumption of i product per capita in urban and rural areas, respectively; P,
is the urban population rate; and P, represents the rural population rate. Here, P, and P,
add up to 100%. I, and I! are the urban and rural WFP intensity, respectively; S/, and S:
are the food consumption structures in urban and rural areas, respectively; and F, and F,
represent food consumption per capita in urban and rural areas, respectively.

According to the LMDI decomposition, the change in WFP between baseline year 0

and the target year is calculated as follows:
t 0

©)
+AWEP,(F) + AWFP,(P),

where AWFP,(I), AWFP,(S), AWFPy(F), and AWFP,(P) represent WF intensity
effect, food consumption structure effect, food consumption level effect, urbanization
effect, respectively, which are factors that contribute to the change in urban residential
WEP. AWFP,(I), AWFP,(S), AWFP,(F), and AWFP,(P) are four factors influencing rural
residential WFP change. The contribution of each effect on WFP change can be calculated
as follows:

(WPP;'Pu)t*(WFpé'Pu)O (Iift>
AWEP,(I) = In| 2 4
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3. Study Area and Data Source
3.1. Study Area

China’s population is denser in the eastern coastal cities, taking the Hu Line as
the population boundary [38]. Benefiting from early reform and opening policy, cities
developed rapidly and gradually formed the Beijing-Tianjin-Hebei urban agglomeration,
the Yangtze River Delta urban agglomeration, and the Guangdong-Hong Kong-Macao
Greater Bay Area, which included the political and economic centers of China (Beijing
and Shanghai, respectively). The coastal cities in East China have now become the core
economic growth zone, while cities will also face increased water demand due to dense
population. Given the current data availability, five cities in East China, namely, Beijing,
Tianjin, Shanghai, Qingdao, and Xiamen, are selected to reveal the driving factors of water
usage with regard to food consumption (Figure 1). In the Beijing—Tianjin—-Hebei Region,
Beijing and Tianjin are two resource-based water scarcity megacities located near the Bohai
Sea [9]. Given their close geographical link, these two cities suffer from water shortage
and rely heavily on the South-to-North Water Diversion Project to maintain their citizens’
freshwater usage. Shanghai is another megacity on the south of the Yangtze River Estuary
and is recognized as a quality-based water scarcity city. As the economic center of China,
this city is the most populous and has overloaded water capacity. Qingdao and Xiamen are
two municipalities with independent planning statuses and play important roles in coastal
economic growth. Both suffer from surface water reservations due to their topographic
features. Compared to Qingdao in the southeast of the Jiaodong Peninsula, Xiamen is a
typical bay city in the south of Fujian province that relies heavily on surface water. Detailed
information about these five cities is shown in Figure 1 and Table 1.

Table 1. General information for five cities in Eastern China in 2018.

Items Beijing Tianjin Qingdao Shanghai Xiamen
Population (10* 2154 1560 940 2424 411
persons)
Area (km?) 16,411 11,967 11,293 6341 1700
per capita GDP (Yuan) 140,211 120,711 128,459 134,982 118,015
Urbanization rate (%) 86.5% 83.1% 73.7% 88.1% 89.1%
Per capita water
resources 164 113 117 160 268
(cp.m/person)

Sourced from: Beijing, Tianjin, Shanghai, Qingdao, and Xiamen Statistical Yearbooks and Water
Resource Bulletin (2019).
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Figure 1. Scope of Study area: Beijing, Tianjin, Qingdao, Shanghai, and Xiamen.

3.2. Data Sources

The research period covers from 2008 to 2018. Data on food consumption per capita in
urban and rural areas, the types of crop and livestock products, geological conditions, culti-
vation conditions, and population are sourced from the Statistical Yearbooks (2009-2019)
and Water Resource Bulletin (2019) of each city [6,39—-44]. In those publications, the types of
food counted vary. Therefore, due to data availability and feasibility of further comparisons,
this paper employs five crop products (grains, oil crops, vegetables, fruits, and sugar) and
four livestock products (meat, poultry eggs, dairy, and fish and seafood) provided in the
five cities” Statistical Yearbooks.

4. Results and Discussions
4.1. Food Consumption WEP of the Five Cities

Figure 2 presents the trend of food consumption WEP in each city from 2008 to 2018.
The WEFP of all cities exhibited an upward tendency; that of Beijing, Tianjin, Qingdao, and
Xiamen grew volatilely, and that of Shanghai WFP had a slow-growth tendency. In terms
of composition, the WEP of each city showed similarity in meat and grain proportions
and variations in poultry eggs, dairy and fish and seafood elements. Meat proportions
accounted for the majority of the WEP in all five cities, thus reflecting the strong effect of
water-intensive products on city Food consumption WEP. Grain proportions also accounted
for large WFP; however, grain products consumed less virtual water and therefore had less
effect on WEP in each city. Poultry eggs and dairy were the main WFP elements in Beijing,
Tianjin, Shanghai, and Qingdao. Compared with Tianjin and Shanghai, fish and seafood
constituted a large part of the WFP in Beijing, Qingdao, and Xiamen. Shanghai was the
only city with a considerably large proportion of fruit WEFP.
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Figure 2. Food consumption WEFP of five cities from 2008-2018.

4.2. Decomposition Effect Analysis

Figure 3 illustrates the aggregate decomposition effect of WFP changes in five cities
from 2008 to 2018. In general, the food consumption WFP of five cities increased to
varying degrees during 2008-2018, in which Beijing had the highest increase of 75.67 m?,
followed by Tianjin, Shanghai, Qingdao, and Xiamen with 69.5, 57.94, 30.51, and 17.21 m3,
respectively. With regard to the WF intensity effect, Beijing and Tianjin showed negative
effects with —3.19 and —29.04 m* declines, respectively. This finding indicated the efficient
use of agricultural water in Beijing and Tianjin. The water management optimization
in Beijing-Tianjin—-Hebei Region might be related to the South-to-North Water Diversion
Project in China, which pressures Beijing and Tianjin to show awareness on water utilization
improvement [34]. On the contrary, Shanghai, Xiamen, and Qingdao had positive effects
with increases of 25.44, 5.47, and 1.19 m3, respectively. The positive driving forces of these
three coastal cities indicated a descending efficiency in water utilization during the research
period. In terms of the food consumption structure effect, all cities had positive effects.
Among which, Tianjin had the largest driving force with a 100.93 m? increase, followed
by Beijing, Shanghai, Qingdao, and Xiamen with 30.95, 40.48, 25.09, and 4.57 m3 uplifts,
respectively. This result expressed that Tianjin citizens had a structural change in their
daily food intake, whereas Xiamen residents kept a stable diet habit. In terms of food
consumption level per capita effect, Beijing had a 47.94 m3 surge. Other cities had negative
effects, with Tianjin showing the highest negative effect of —8.23 m?, followed by Shanghai,
Qingdao, and Xiamen at —7.68, —6.37, and —3.67 m3, respectively. The differences between
Beijing and other cities could be caused by the increase in food consumption levels in
urban and rural areas in Beijing. Meanwhile, other cities only had an upward trend in
rural areas. In terms of urbanization effect, Beijing and Shanghai showed negative effects
with declines of —0.02 and —0.29 m3, respectively. This phenomenon is mainly due to the
high urbanization rates in Beijing and Shanghai since 2008 and the counter-urbanization
occurring in both cities. Tianjin, Qingdao, and Xiamen had positive effects with growths of
5.84,10.60, and 10.83 m?, respectively.
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Figure 3. Aggregate decomposition effect of WFP changes in five cities in China.

4.2.1. WF Intensity Effect

Figure 4 shows the urban and rural WF intensity effect of five cities from 2008 to
2013 and 2013 to 2018. The WF intensity effect of Beijing and Tianjin was negative effects,
whereas that of Qingdao, Shanghai, and Xiamen was positive. Except for Shanghai, the
urban effect showing a 20.44 m® increase, the urban effect of other cities had negative
driving forces with decreases of —4.40 m? in Beijing, —3.04 m® in Tianjin, —0.39 m? in
Qingdao, and —4.98 m? in Xiamen from 2008 to 2013. The rural effect contributed positively
to Shanghai and Qingdao with 1.24 and 0.32 m? increases, respectively, but contributed
negatively to Beijing, Tianjin, and Xiamen with —1.18, —1.06, and —0.34 m? decreases,
respectively. In this period, most cities were mainly driven by negative urban effects.
Shanghai’s positive urban effect was the only main contributor. Compared with urban
effects, rural effects had relatively small driving forces in most cities.
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Figure 4. Accumulative contribution of water footprint intensity effect to WFP change in five cities’ urban and rural areas in
2008-2018.
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From 2013 to 2018, the urban effect of most cities was positive, with increases of
2.15m3 in Beijing, 0.98 m? in Qingdao, 3.34 m? in Shanghai, and 9.81 m? in Xiamen, thereby
reflecting a decrease in water efficiency in most urban areas. By contrast, the Tianjin urban
effect reflected a —20.67 m3 drop, the only city with increasing water utility efficiency.
Rural effects had a similar trend, in which only Tianjin decreased by —4.27 m3, whereas
Beijing, Qingdao, Shanghai, and Xiamen contributed positively with 0.24, 0.28, 0.41, and
0.98 m? uplifts, respectively. The urban and rural areas in Tianjin had an improvement
in water saving. In this period, most cities were mainly driven by positive urban effects.
Tianjin’s negative urban effect was the only main contributor. Therefore, urban effects
were maintained as the primary contributor to the city WF intensity effect throughout the
whole period.

Since the WF intensity effect was related to crop yield, geographical conditions, and
temperature changes in a certain area, we mainly analyze the city’s overall WF intensity
effect here. From 2008 to 2018, the effect of Beijing and Tianjin inhibited WFP growth, while
Qingdao, Shanghai, and Xiamen contributed positive effects. Compared with those in the
former period, the effects of Beijing, Qingdao, and Xiamen turned to contribute positively
in 2013-2018, and Shanghai continued to contribute positively during the two periods.
Only Tianjin kept negative contributions from 2008 to 2018. This finding indicated the
continuous improvement of water usage efficiency in Tianjin, but a decrease in water utility
efficiency in other cities in 2013-2018. As Beijing and Tianjin were in the capital region,
the water shortage issues may become more severe with climate change. The continuous
improvement of water efficiency in these two cities indicated that cities with higher water
pressure would have a more urgent need for water-saving technology promotion and
emphasis on water usage efficiency optimization [45]. This is consistent with previous
studies in the Beijing-Tianjin-Hebei region, that is, cities with water scarcity would have
advantages in water usage efficiency [7,34]. Besides, since a large amount of water were
consumed in agriculture production, Beijing has reduced its localized agricultural pro-
duction and gradually become a consumer-oriented city, which may also be the reason
for Beijing to have the negative WF intensity effect [46]. In this case, surrounding cities,
especially Tianjin, would face increasing pressure on agricultural production, which may
be the reason for Tianjin having the leading national irrigation efficiency [47].

4.2.2. Food Consumption Structure Effect

Figure 5 shows the urban and rural food consumption structure effect of the five cities
from 2008 to 2013 and from 2013 to 2018. The food consumption structure effects of all cities
were all positive. For the driving forces that differed among each food type, the variations
in the VWC values resulted in different contributions to WFP growth. In particular, meat
products had the largest VWC value, followed by fish and seafood, poultry eggs, and
dairy. For urban and rural areas, vegetarian products such as grain, vegetables, and fruits
accounted for the major proportion of residential food consumption in all cities. Among
the livestock products, meat, poultry eggs, dairy, and fish and seafood were allocated with
major proportions. Details on the food consumption structure in these five cities are shown
in Figure 6.

From 2008 to 2013, the urban effect of most cities showed a strong positive driving force
with growths of 29.23 m® in Beijing, 70.85 m? in Tianjin, 28.41 m? in Qingdao, and 14.63 m?
in Shanghai. The increase in meat and dairy consumption proportion mainly contributed
to these positive forces. The Xiamen urban effect had a —10.68 m3 decrease, which was
mainly due to the reduction in fish and seafood, meat, and poultry egg proportions. In
addition, the rural effect only contributed negatively to Qingdao with a —4.97 m? reduction
due to the decline of fish and seafood and grain proportions. Beijing, Tianjin, Shanghai, and
Xiamen had positive rural effects with 2.79, 15.50, 2.43, and 8.63 m® growths, respectively.
For the food structure, meat and dairy proportions increased in all cities and contributed
primary positive forces. In this period, most cities were mainly driven by a positive urban
effect, except for Xiamen, which was driven by the negative urban effect. The dominant
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positive urban effects caused a considerable change in food consumption structure in
urban areas, which in turn altered the diet structure with a high WF. In addition, the rural
effects mainly had positive driving forces in most cities, except for the negative effect
in Qingdao. This finding indicates that the food structure in rural areas also changed

gradually, although not as dramatically as that in urban areas.

120
100 I =
80
o
g
B 604
g
=
Q 40 -
:
201 [ ] |
-
0 "m
-20-
Beijing Tianjin Qingdao Shanghai Xiamen

Urban WFP changes in 2008-2013
@ Urban WFP changes in 2013-2018 (@l Rural WFP changes in 2013-2018 (i) Total

Rural WFP changes in 2008-2013

Figure 5. Accumulative contribution of food consumption structure effect to WFP change in five cities’ urban and rural
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Figure 6. Urban and rural food consumption structure in five cities in 2008-2018.

From 2013 to 2018, the urban effect turned from positive to negative in Beijing and
Qingdao, with —0.94 and —4.70 m? reductions, respectively. The drop of grain and dairy
proportions in both cities contributed to major negative driving forces. By contrast, Tianjin,
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Shanghai, and Xiamen had positive effects with 15.11, 24.93, and 8.67 m?® surges, respec-
tively. The major positive effects were contributed by increases in meat, fruit, and fish
and seafood proportions in Tianjin and Shanghai. While the meat proportion decreased in
Xiamen, the positive effects driven by grain proportion growth were the primary contrib-
utors. The rural effects of Beijing, Tianjin, Shanghai, and Xiamen were opposite to those
in the previous period, which turned from positive to negative with —0.13, —0.53, —1.51,
and —2.05 m? declines, respectively. The decrease in grain proportion contributed to the
negative effects in these cities. Owing to the slow growth of meat proportion in Beijing
and Tianjin, the positive effects were overridden by the negative effects contributing to
the decrease in dairy and fish and seafood proportions. Otherwise, the negative rural
effects of Shanghai and Xiamen were mainly driven by a reduction in meat proportion,
which contributed from positive to negative. The rural effect only contributed positively
to Qingdao with a 6.35 m? increase, in which the increasing consumption proportions of
meat and fish and seafood were the major contributors. In the current period, most cities
were still driven by the urban effect, which was weaker than that in the previous period.
The decline of positive urban effects revealed that the food consumption changes became
minimal in the 2013-2018 period. The rural effect otherwise contributed negatively to WEFP,
indicating that the food consumption in rural areas was gradually stabilized.

From 2008 to 2018, urban effects were the major driving forces among the five cities
except for Qingdao. This finding reflected an important food structure change in urban
areas compared to that in rural areas. Urban residents in most cities had a great diet change
in 2008-2013, and those in Shanghai tended to have a different diet in the latter period.
Rural residential food structure also changed considerably in the first stage except for
Qingdao, where people tended to keep the same diet preference in the 20132018 period.

Furthermore, cities showed similarity in diet changes. Food consumption structures
gradually turned to livestock-rich diet preference, showing less demand for vegetarian
products and high demand for meat products. However, a livestock-rich diet could be
highly prevalent in rural areas because the people have a consistent tendency to increase
their livestock product consumption. As the two most consumed vegetarian products,
grain and vegetable consumption proportions had a downward tendency in most cities,
except for the grain proportion growth in Xiamen urban areas and the vegetable proportion
growth in Shanghai and Qingdao for urban and rural areas. Different from grain and
vegetable products, the fruit proportion increased in the urban and rural areas of all cities,
especially in Tianjin. The proportion of meat consumption generally increased among
the five cities and only decreased in Xiamen urban areas. The proportion of poultry eggs
and dairy varied among the five cities. The consumption proportion of poultry eggs
only increased in Qingdao and Shanghai urban areas and decreased in Tianjin rural areas.
Additionally, dairy proportion was increased in Beijing and Tianjin urban areas but was
reduced in Qingdao rural areas. Given that livestock products have great VWC values, the
growth in their consumption could lead to a high positive driving force on WFP in cities.

4.2.3. Food Consumption Level Effect

Figure 7 illustrates the urban and rural food consumption level effect of five cities from
2008 to 2013 and from 2013 to 2018. Beijing’s food consumption level contributed a positive
effect, whereas Tianjin, Qingdao, Shanghai, and Xiamen had negative effects. Except Beijing
where the urban effect had a 10.41 m? increase, the urban effect of other cities showed
a negative driving force with decreases of —30.87 m3 in Tianjin, —24.48 m? in Qingdao,
—18.77 m® in Shanghai, and —79.13 m? in Xiamen from 2008 to 2013. The rural effect
only contributed negatively to Tianjin with a —12.29 m3 decline, but positively to Beijing,
Qingdao, Shanghai, and Xiamen with 4.31, 7.61, 5.95, and 12.34 m? increases, respectively.
In this period, negative urban effects were the main contributors among most cities, except
in Beijing, which was driven by a positive urban effect. This finding showed a remarkably
downward urban residential food consumption level. Rural effects contributed positively
to most cities, except in Tianjin with a negative rural effect. This result indicated that rural
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residents are willing to increase their food consumption level. The food consumption
level growth in rural areas could be caused by the increased income of rural residents
and logistics development. Benefiting from these occurrences, rural residents could easily
consume food and own a border collection, leading to less dependence on local food
resources. Thus, the rural food consumption level was on an upward trend and led to city
WEF growth.

From 2013 to 2018, only Shanghai urban effect, with a —8.76 m? drop, maintained
negative urban effects during the two periods. The urban effect of other cities shifted from
negative to positive with increases of 28.20 m? in Beijing, 18.35 m? in Tianjin, 12.24 m? in
Qingdao, and 63.04 m3 in Xiamen. The rural effect only contributed negatively to Qingdao
with a —1.75 m3 reduction, but contributed positively to Beijing, Tianjin, Shanghai, and
Xiamen with 5.02, 16.58, 13.91, and 0.08 m> uplifts, respectively. In this period, the cities
were mainly driven by positive urban effects. The positive rural effect was only evident
in Shanghai. These changes in urban effect suggested that urban residents in most cities
consumed more food in this period than in the previous period. Meanwhile, a continuous
decline was observed in the Shanghai urban residential food consumption level. Most
cities still had positive rural effects, except for Qingdao, indicating that rural residents in
most cities preferred to continuously increase their food consumption level.

-304

-60

-90-

Beijing Tianjin Qingdao Shanghai Xiamen

Urban WFP changes in 2008-2013 Rural WFP changes in 2008-2013

@ Urban WFP changes in 2013-2018 (@l Rural WFP changes in 2013-2018 (i) Total

Figure 7. Accumulative contribution of food consumption level effect to WFP change in five cities’ urban and rural areas in

2008-2018.

From 2008 to 2018, the urban effect was the major contributor to WFP in most cities,
except Shanghai. In terms of urban effect, the negative effects of most cities in the 2008-2013
period were greater than the positive effect in the later period. This finding indicates a
downward tendency of urban residential food consumption level and fluctuations between
the two periods. However, only Beijing urban residents showed high demands for increased
food consumption during the whole period. The growing food demand of Beijing residents
could possibly be due to a higher living standard in this city, which has been indicated in
other researches [7,34]. For the rural effect, the positive effects of Qingdao and Xiamen were
reduced in the 2013-2018 period, reflecting a slow growth of food consumption level in
Xiamen and a reduction in Qingdao. By contrast, Beijing, Tianjin, and Shanghai had a great
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positive effect in the 2013-2018 period. The continuous growth of rural effect displayed the
growing food consumption demand of rural residents in these cities.

Comparing the effects of urban and rural areas, the urban population’s reductions
in food consumption level had strong negative driving forces on the overall WF of cities
due to the large urban population base. The general decline in the consumption level of
urban residents could be related to the “clear your plate” campaign conducted in China,
where food-saving regulations and publicity activities were carried out among cities. The
concept of food saving may be more popular among urban residents. The declining
food consumption has inhibited the WFP growth. However, it cannot be ignored that
consumption in rural areas continues to rise. While the rural population continues to move
to cities, the positive effect led by the increase in the rural food consumption level on the
WEFP growth should be concerned.

4.2.4. Urbanization Effect

Figure 8 illustrates the urban and rural urbanization effects of the five cities from 2008
to 2013 and 2013 to 2018. The urbanization effect contributed negatively to Beijing and
Shanghai but positively to Tianjin, Qingdao, and Xiamen. From 2008 to 2013, the urban
effects contributed positively to all cities, among which Xiamen had the highest growth
with 73.85 m3, followed by Tianjin, Qingdao, Shanghai, and Beijing, with 22.10, 16.45, 5.56,
and 4.69 m3 surges, respectively. All cities had negative rural effects, among which Xiamen
still had the largest driving force with a —62.67 m3 decrease, followed by Tianjin, Qingdao,
Shanghai, and Beijing with —17.50, —13.37, —5.18, and —4.82 m? reductions, respectively.
In this period, most cities were mainly driven by positive urban effects, with Beijing the
only city driven by the negative rural effect. The positive driving forces reflected a boom
in the urban population from 2008 to 2013, especially in Tianjin, Xiamen, and Qingdao.
This boom resulted in the rapid growth of WFP. The negative rural effects caused by rural
population reduction was otherwise offset on city WFP growth.

Beijing Tianjin Qingdao Shanghai Xiamen

Urban WFP changes in 2008-2013 Rural WFP changes in 2008-2013

@ Urban WFP changes in 2013-2018 (@l Rural WFP changes in 2013-2018 (i) Total

Figure 8. Accumulative contribution of urbanization effect to WFP change in five cities” urban and rural areas in 2008-2018.

Except Shanghai, where the urban effect had a —8.29 m?3 decrease, the urban effect
of other cities showed positive driving forces with growths of 0.85 m? in Beijing, 5.74 m?
in Tianjin, 30.05 m® in Qingdao, and 1.72 m3 in Xiamen from 2013 to 2018. The rural
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effect contributed positively only to Shanghai with a 7.62 m® growth but negatively to
Beijing, Tianjin, Qingdao, and Xiamen with —0.74, —4.49, —22.53, and —2.08 m?> declines,
respectively. In this period, positive urban effects were still the main contributors among
most cities, except for Shanghai, which was driven by the negative urban effect. Rural
effects continuously contributed negative driving forces, whereas the Shanghai rural effect
contributed positively. Other cities kept the continuous growth of the urban population,
particularly Qingdao with the greatest urbanization growth. By contrast, Shanghai popula-
tion reduced the urban area but increased the rural areas, showing a counter-urbanization
tendency in the 2013-2018 period.

From 2008 to 2018, urban effects contributed positively to WFP growth during urban-
ization, whereas negative rural effects inhibited the WFP growth, mainly by offsetting the
positive urban effect. Among the cities, the urbanization effect of Beijing and Shanghai con-
tributed the weakest driving force on city WFP growth. As first-tier cities, these cities have
almost completed urbanization progress since 2008. Owing to the strict urban population
inflow control policy, these cities had minimal population structure changes between 2008
and 2018, and even experienced different counter-urbanization degrees during the research
period. Therefore, the WFP caused by residential food consumption in megacities could
be strictly controlled by keeping a stable population structure, in which the urbanization
effect could only have a small driving force on WFP growth. Moreover, as a new first-tier
megacity, Tianjin had a substantially positive urbanization effect on WFP growth similarly
to two second-tier cities, namely, Qingdao and Xiamen. The strong positive driving force
of urbanization effects indicates the considerable changes in population structure in these
cities, namely, the upsurge in the urban population and the drop in rural populations.
Specifically, Tianjin and Xiamen had rapid urbanization progress in 2013-2018, whereas
Qingdao sped up the urbanization process in 2013-2018. In other words, the rapid growth
of the urban population has put pressure on city water resources.

Therefore, although previous studies have put forward concerns about the pressure
of the continued urbanization process on water resources [8,35,36], in fact, the change
of population structure during rapid urbanization may be the influencing factors that
hindered the WFP growth. This calls for cities to have a well-planned urbanization pro-
cess and an overall view of the resource carrying capacity. With proper planning and
restrictions on population inflow, urbanization could impose fewer threats to urban water
resources. This could provide guidelines for cities under low urbanization level to develop
sustainable practices.

5. Conclusions

The WFP generated by food consumption from 2008-2018 was calculated in five
East China cities: Beijing, Tianjin, Qingdao, Shanghai, and Xiamen. By using LMDI
decomposition, this paper investigated the driving force of WF intensity effect, food
consumption structure effect, food consumption level effect, and urbanization effect on the
whole city’s food consumption WFP changes, with a focus on urban and rural aspects. The
main conclusions and policy suggestions are drawn as follows:

(1) The WFP related to food consumption showed a rolling upward tendency in the five
East China cities. The largest contributor to WFP was meat proportions, which had an
upward trend during the research periods, followed by grains, which had a decreasing
trend. Decomposition results show that the major driving factor was food consump-
tion level for Beijing and food consumption structure for Beijing Tianjin, Qingdao,
and Shanghai. Xiamen was primarily driven positively by the urbanization effect.

(2) Food consumption structure was the primary factor promoting the WFP growth
among the five cities. Urban effects were the major contributing driving forces. In
most cities, urban and rural residents have dramatically changed their eating habits,
especially in the 2008-2013 period. The changed eating habits were mainly reflected
by the reduced grain and vegetable consumption proportion and the overall increase
in the proportions of meat, poultry eggs, and dairy consumption, especially in rural
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areas. Improving water resources utilization by guiding a balanced diet could be an
efficient way for urban sustainable development.

(3) The food consumption level effect mainly inhibited the WFP growth in most cities, ex-
cept Beijing. Urban residents mainly had a downward tendency of food consumption
level throughout the research period, leading to major driving forces. On the contrary,
rural effects kept positive contributions to WFP growth in most cities. Rural residents
have raised the demand for consuming more food mainly due to their increased
income level and logistics development. On the premise of satisfying daily nutrition,
encouraging residents to raise food-saving awareness could reduce the impact of food
consumption level on the WFP growth.

(4) The urbanization effect was limited in two megacities: Beijing and Shanghai. Stable
urbanization level and restrictions on urban population inflow in these two cities
evidently inhibited the WFP growth. However, the positive effect led to WFP growth
in Tianjin, Qingdao, and Xiamen due to the booming population during rapid urban-
ization. While the urbanization effects of each city differed between urban and rural
areas, the strong offsetting between urban and rural effects weakened the driving
forces of city urbanization effects. Cities currently at a low level of urbanization could
develop more sustainably by addressing attentions on future water usage and urban
population planning.

(5) The WF intensity effect contributed negatively to Tianjin and Beijing but promoted
WEP growth in other cities. The differences in water efficiency in temporal and spatial
might be due to the high water-saving awareness led by the South-to-North Water
Diversion Project in cities located in the Beijing-Tianjin-Hebei region and the leading
irrigation technologies in Tianjin and Beijing. The better performance in Beijing and
Tianjin pointed out that there is still room for other cities to improve their water
utilization efficiency and irrigation technology.

Regarding current water usage in the five cities, improvements in irrigation tech-
nologies should always be encouraged to save water in production. Also, compared with
developing irrigation technology and constructing water conservancy facilities, raising
residents” awareness of food consumption would be a more efficient and flexible way
to save water. A higher intake of vegetarian products should be encouraged in daily
food consumption to achieve a healthier and less-WF food consumption pattern. Public
information, such as healthy diet guidelines and nutrition facts on labels, should be made
available to citizens. Given the prevalence of a high WF diet in rural areas, a targeted diet
guideline should be applied, especially for rural residents to set up a less-WF diet. Besides,
under the premise of meeting nutritional needs, public education and practical consump-
tion guideline should be brought up to encourage reductions in food losses and waste
on the dinner table, especially during the COVID-19 pandemic, which that continuously
challenges national food security.

It should be noticed that, due to data availability, this study conducted WF investiga-
tion among five coastal cities. In future research, more cities can be included to get more
general rules of the WF driving forces.
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