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Abstract:

Efficient use of water and nutrients in crop production are critical for sustainable
water and crop production systems. Understanding the role of humans in ensuring
water and nutrient use efficiency is therefore an important ingredient of sustainable
development. Crop production functions are often defined either as functions of water
and nutrient deficiency or are based on economic production theory that
conceptualizes production as a result of economic activities that take in inputs such as
water, capital and labor and produce crop biomass as output. This paper fills a gap by
consistently treating water and nutrient use and human agency in crop production,
thus providing a better understanding of the role humans play in crop production.
Uptake of water and nutrients are two dominant biophysical processes of crop growth
while human agency, including irrigation machine power, land-preparing machine
power and human labor force, determine limits of water and nutrient resources that
are accessible to crops. Two crops, i.e., winter wheat and rice, which account for the
majority of food crop production are considered in a rapidly developing region of the
world, Jiangsu Province, China, that is witnessing the phenomenon of rural to urban
migration. Its production is modeled in two steps. First water and nutrient efficiencies,
defined as the ratios of observed uptake to quantities applied, are modeled as
functions of labor and machine power (representing human agency). In the second
step, crop yields are modeled as functions of water and nutrient efficiencies multiplied
by amounts of water and fertilizers applied. As a result, crop production is predicted

by first simulating water and nutrient uptake efficiencies and then determining yield
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as a function of water and nutrients that are actually taken up by crops. Results show
that modeled relationship between water use efficiency and human agency explains 68%
of observed variance for wheat and 49% for rice. The modeled relationship between
nutrient use efficiency and human agency explains 49% of the variance for wheat and
56% for rice. The modeled relationships between yields and actual uptakes in the
second step explain even higher percentages of observed the variance: 73% for wheat
and 84% for rice. Leave-one-out cross validation of yield predictions shows that
relative errors are on average within 5% of the observed yields, reinforcing the
robustness of the estimated relationship and of conceptualizing crop production as a
composite function of bio-physical mechanism and human agency. Interpretations
based on the model reveal that after 2005, mechanization gradually led to less labor
being used relative to machinery to achieve same levels of water use efficiency. Labor
and irrigation equipment, on the other hand, were found to be complimentary inputs
to water use efficiency. While the results suggest interventions targeting machinery
are most instrumental in increasing wheat productivity, they may exasperate rural —
urban migration. Policy strategies for alleviating rural-urban migration while ensuring
regional food security can nonetheless be devised where appropriate data are

available.
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1. Introduction

Changing climate and growing population in the Anthropocene (Vordsmarty et al.,
2013; Savenije, H. H. G et al., 2014) are amplifying the tension between water supply
and demand across the planet (Vorosmarty et al., 2000; Arnell and Lloyd-Hughes,
2014; Florke et al., 2018; Duan et al., 2019; Brown et al., 2019; Di Baldassarre et al.,
2019). Increased average temperatures and variability in rainfall are making water
infrastructures for urban and agriculture water supply obsolete as they have often been
designed for a stationary climate (Milly et al., 2008; Wagener et al., 2010). Such
changes are coupled with rising population in emerging, mostly agrarian, economies
such as China and India that rely on agricultural water (Parry, 2019). Such changes
are major threats for sustainable development as it renders societies water insecure,
food insecure and at the same time stripping rural communities of livelihood

opportunities (Novoa et al., 2019).

Often human ingenuity is assumed to be able to overcome water and food challenges
posed by changing climate, by conquering climate determinism of human fate and
engender human prosperity through technological innovation in spite of climatic
adversity (Kreibich et al., 2017; Kendall and Spang, 2019). Technological innovations
are assumed to not only mitigate water insecurity but also adapt to it by internalizing
climate change in new water infrastructure and technological designs (Fletcher et al.,
2019; Levin-Koopman et al., 2019; Allen et al., 2019). As part of the solutions offered,

it is assumed that human agency makes the use of water and other related inputs in
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food production more efficient, thereby releasing pressures of increasing water
scarcity and sustaining food production and human wellbeing (Sivapalan et al., 2014;

Konar et al., 2016).

Human well-being comprising of food and economic security in water insecure rural
areas depends on crop production that efficiently uses water and nutrients
(Haines-Young & Potschin, 2010; Herrero et al., 2012). This includes the production
of feed for livestock production, thereby making it the foundation of agricultural
systems in general and linking it to phenomena such as migration, agrarian crisis
across the globe and even dispersal of agrarian societies (Afifi et al., 2014; Elshafei et
al., 2014; Pande et al., 2014; FAO et al., 2018). Agricultural systems in Jiangsu
Province, China are one such example, where crop production is a major consumer of
water, accounting for nearly 73.5% of total water consumption in Jiangsu Province,
China (BSJ, 2018). It is also a major human activity, employing 5.82 million people in
Jiangsu province in 2017 (BSJ, 2018). Crop production critically couples wellbeing of
human with water and nutrient cycles and has been shown to be linked with rural to

urban migration in Jiangsu Province, China (Lyu et al., 2019).

Crop production is influenced both by hydro-climatic variability and the interventions
of humans in terms of provisioning of irrigation and labor. There are therefore several
conceptualizations of interactions between human agency and the environment

(Sivapalan et al., 2015) in how crops are produced, often reflecting the disciplines
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from which such models have originated. Water proxies such as transpiration, nutrient
proxies such as fertilizer use and their joint-effect effects have been incorporated in
multivariate linear regressions to estimate crop yield—input relationships in
agricultural sciences community (Insam et al., 1991; Heaton et al., 2004). Meanwhile
biophysical models such as CROPWAT (Smith, 1992), Aquacrop (Steduto et al., 2009;
Raes et al., 2009; Hsiao et al., 2009), WOFOST (WOrld FOod STudies) (de Wit et al.,
2018; Lecerf et al., 2018; Ceglar et al., 2019), APSIM (The Agricultural Production
Systems sIMulator) (Holzworth et al., 2014; Gaydon et al., 2017), and statistical
models such as by Sheldrick et al. (2003) explicitly explain the underlying
mechanisms. Similarly, Hatirli et al. (2006) focus on nonlinear water, temperature and
nutrients constraints on biomass production (Ferrero et al., 2018; Hoffman et al.,
2018). These models emphasize the critical role of water and other nutrients in crop
yields and incorporate the role of humans as multipliers that scale optimal yields to
reflect less than optimal efforts of humans. For example, less than optimal crop yield
is often linked to water deficit via linear function, i.e., 1 — % = K,(1—- z—;:), where
the crop yield response factor K, changes with crop characteristics (FAO, 2012; Liu

et al. 2002).

On the other side of the spectrum are conceptualizations of production models based
on economic theory, which emphasize less on biophysical constraints but more on
human agency based on the principles of economics. Models derived based on

Cobb-Douglas production functions (Cobb and Douglas, 1928) have often been
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applied, such as by Goldsmith et al. (2004), which consider water as an input
alongside other inputs such as machinery and labor in the production of a crop as an
economic good. Other forms of production functions have also been used in this
context, see e.g. McCarl (1982). Others examples include linear programming models
of agricultural production (Howitt, 1995, Pattanayak and Sills 2001), multi-crop
micro-econometric models to interpret farmers' production acreage choice (Femenia et
al., 2018), complex integrated economic-hydrologic models to model the interactions
between water allocation, farmer input choice, agricultural productivity and water
demand (Rosegrant et al. 2000, Roobavannan et al. 2017a) and system dynamics
based socio-hydrological models to understand the interlinkages between water

availability, labor demand and migration (Roobavannan et al. 2017b).

While such models have proved powerful in simulating yields and modeling labor
employment in the agriculture sector as a function of water availability and other
inputs, it remains a challenge to consistently estimate both yield and labor demand
from the same function. Bio-physical models represent labor as a scaling factor on
potential yields, while economic theory-based models often include water as one of
the inputs into an economic activity while deemphasizing the biophysical role played

by water in biomass production.

The present paper fills this gap by focusing not only on the bio-physical relationships

of crop yield with water and nutrient inputs, but also by considering how humans, e.g.
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through irrigation and land-preparation, which would influence the efficiencies of
water and nutrients uptake. The paper acknowledges that understanding the critical
role played by human agency in efficient use of water and nutrients for crop
production is key to facilitating a sustainable future, especially in fast developing
parts of the world. Jiangsu Province in China is one such region, a typical example of
rapidly urbanizing region with a significant flow of economic migrants from rural to
urban areas. Jiangsu is a producer of crops such as rice and wheat, which occupy
almost 60% of the total planted area. Though agriculture production is closely linked
to water availability and is influenced by climatic factors, several government
initiatives have produced rapid development and industrialization of agriculture in
Jiangsu Province. At the same time, it is undergoing an industrial revolution. The
proportion of agriculture output is being gradually reduced by modern secondary and
tertiary industries, affecting income sources of rural families and exasperating rural to
urban migration. Understanding the interlinkages between water security, water and
nutrient efficiency and food production would therefore enable policy makers to
devise and implement appropriate hydrological or economic instruments to address

the migration phenomenon in the province.

The paper is organized as follows. Section 2 introduces the methodology of
incorporating both bio-physical mechanisms and human agency into a single
crop-production modeling framework and the study area. Modeling results including

the calibrated parameters of the crop production model, together with the results of
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cross validation, are then shown in section 3. Section 4 then discusses how
substitutions between labor and machinery have changed over time in Jiangsu China,
how it matches with patterns estimated based on independent data and what it means
in terms of rapid mechanization of agriculture in China. Section 5 gives the

conclusions of the study.
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2. Methodology

The light reactions of photosynthesis absorb energy from the sun that is then used by
the dark reactions to convert nutrients into crop biomass (Foyer, 1984; Leegood et al.,
2000; Ke, 2001; Allakhverdiev, 2015). Crop greenness resulting from energy
absorption by light reactions is therefore an important indicator of crop biomass
accumulation and can be measured by reflectance-based vegetation indexes (VI).
Such indices have been widely used as indicators of crop yields (Quarmby et al., 1993;
Ren et al., 2008; Mkhabela et al., 2011; Kogan et al., 2013; Sharma et al., 2015).
Given that transpiration, carbon & nitrogen fixation, and phosphorus consumption
occur in leaves (Foyer, 1984), reflectance measurements have also been utilized to
assess crop water and nutrient status (Sembiring, 1998; Albayrak, 2008; Caturegli et

al., 2016).

Human agencies, representing labor force and machinery utilization, on the other
hand, contribute to crop production by enabling crops to access water (Allen et al.,
1998) and nutrient resources. Irrigation devices such as pumps and drip-irrigation
systems (Brouwer et al., 1988) help conveying and concentrating water in the root
zone whereas land-preparation machinery, such as tractors create appropriate growing
space for seeds to get access to nutrients (Klein and Zaid Date, 2002). Such agencies
are crucial for improving the efficiencies of water and nutrients use for variety of

crops (Bhiuyan et al. 1992; Erkossa et al., 2005; Johnston and Bruulsema, 2014; Ma
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et al., 2014).

Given that human agency supplements water and nutrients in order to efficiently

produce biomass from photosynthesis, we conceptualize crop production as a

(composite) function of human agency induced use efficiency of water and nutrients

and resulting biomass production.

2.1 Conceptual Model Structure

Water Available

Water Use
Efficiency

v

Water Uptake

Labor

Irrigation
Machinery

Land-preparing
Machinery

> Crop Yield <

Nutrient Available

Nutrient
Use —
Efficiency

v

Nutrient Uptake

Fig. 1 Crop production conceptualized as a composite function of biophysical

mechanisms and human agency. Human agency influences uptake efficiencies, which

then influence biomass production for given levels of water and nutrient resources.

Figure 1 illustrates the overall methodology described in detail in Section 2.3. A crop
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production function is conceptualized as a composite function of biomass production
and efficiency with which water and nutrients are used up. Labor, irrigation and
land-preparation machinery are considered as factors that impact the efficiency of
water and nutrient use by crops. Human agency therefore does not directly contribute
to crop biomass accumulation but determines the amounts of accessible water and

nutrient resources for crops.

2.2 Research Area and Data

116°0'0"E 118°0'0"E 120°0'0"E 122°0'0"E

Yi-Shu-Si Riye

34°0'0"N
34°0'0"N

Yangzhou Rugac
Dantu

32°0'0"N
32°0'0"N

o
g

Elements %
@ Stations
— Rivers
[JLakes 0 45 9w 180 270 360
O — — Kilometers
116°0'0"E 118°0'0"E 120°0'0"E 122°0'0"E

Fig. 2 Study area: Jiangsu Province of China. Also shown are the locations of
agro-meteorological stations at which Normalized Difference Vegetation Index

(NDVI) and water-crop-related data were used.

Figure 2 shows the study area. Crop production is modelled in Jiangsu Province,

China. Jiangsu Province is in the central area of the south-east coast of China. Being a
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part of the Yangzi River Delta, Jiangsu Province rapidly developing, together with one
of the highest population densities in the country. The main climate pattern of Jiangsu
Province is subtropical monsoon, with annual precipitation around 1000 mm/year.
Dominated by plain terrain, Jiangsu Province has the highest water surface proportion
among all the administrative regions in China, taking advantage of abundant surface
water resources. The total planted area under food crops in Jiangsu Province reached
to about 5.41 million hectares in 2017. Wheat and rice have the highest two
proportions of plant area, which are 28.69% and 29.94%, respectively. Jiangsu
Province has been undergoing a rapid process of agricultural mechanization, i.e. more
and more machines are being used to replace human labor. The total power of
agricultural mechanics reached to approx. 50 million Kw in 2017, which is nearly 6
times of the value in 1978 (approx. 8.6 million Kw) (Bureau of Statistics of Jiangsu.,
2018). As a result, it is also witnessing rural to urban migration and urgently seeks
solutions that increase water and food security while balancing it with employment in

rural areas.

Crop growth information, including crop type and growing status, were obtained from
nine agro-meteorological monitoring stations across Jiangsu Province (shown in
Figure 1). Two major types of food crops, i.e., winter wheat (growing season: starts
from October of previous year, 8 months in total) and rice (growing season: starts
from May of current year, 5 months in total) were selected as modeling objects. Of the

nine stations, six stations located in Fengxian, Ganyu, Xuyi, Huaiyin, Yangzhou and



241 Kunshan provided crop growth information for winter wheat; three stations, including
242 Ganyu, Dantu and Gaochun, provided information for rice. Time series of
243  precipitation, rootzone moisture, transpiration, and provincial crop yield per area, are
244 also used. The data sources are listed in Table 2.1.
245
Variables Spatial
Data categories Unit | Period Temporal Resolution Data source
(symbol) Resolution
CRU (CRU, 1901-2017,
Precipitation (P) 0.5%0.5° Derived from monthly
Harris et al., 2014)
data.
Transpiration (T) 2000 0.25*%0.25 ° GLDAS Noah Land Surface
Hydro-climatic mm Growing-season-accu
-2017 Model L4 monthly
Rootzone mulated value for
0.25*%0.25 ° 0.25%0.25 ° V2.1 (Rodell et
Moisture (Sw) each year.
al., 2004)
Landsat 7 NDVI
Derived from 8-day
(imported from Google Earth
data.
2000 Engine:
NDVI (g) 30 meters Growing-season-maxi
-2017 ‘LANDSAT/LE07/CO1/T1_8
Crop mum value for each
- DAY NDVI’, Gorelick et
Information year.
al., 2017)
National Meteorological
Crop type & 1991
Station-level Yearly Information Center of China
Growing season -2010

(2006)




Provincial ~ crop 2001 Statistical ~ Yearbook  of
kg/ha Provincial Yearly
yield (Y) -2017 Jiangsu (BSJ, 2018)
Labor force in
Capita/
crop cultivation
1000ha
(Le)
Irrigation
Human 2001 Statistical ~ Yearbook  of
machinery (M;) Kw/ Provincial Yearly
Agencies -2017 Jiangsu (BSJ, 2018)
Land-preparing 1000ha
machinery (M;)
Ton/
Fertilizer use (F)
1000ha
246 Table 2.1 Description of the data sets used. The overlapping period from 2001-2017 was used for
247 regression and related analysis.
248
249
250 2.3 Model Set-up, calibration and validation
251
252 Let crop yield Y be represented by a function G(.,.) of actual water, x,, and nutrient,
253  xy, uptakes. Then Y = G(xy, xy). However, actual amounts of uptakes are often less
254  than total amount of water available Wy in the form of rainfall R, rootzone moisture
255 Sy and nutrients available after fertilizer amount F has been applied. The actual
256 amount of water and nutrient uptakes relative to their available supply defines
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corresponding efficiencies. Therefore if uptake efficiencies (7, as water use
efficiency and ny as nutrient use efficiency) as well as the available supplies are
known then the amounts taken up by crops can be obtained by multiplying
efficiencies with the corresponding available amounts of water and nutrients. This

means that xy, = nyWr and xy = nyF.

Water and nutrient use efficiencies are assumed to be enabled by human agency, H,
representing variables linked to machinery and labor. This means that efficiencies are
functions of H, i.e. ny =nyw(H) and ny = ny(H). Then crop production can be

defined by the following composite function,

Y = G(xw, xy) = GO (H)Wr,ny(H)F) .
(1)

Each station i = 1,..,S5 has its own effects embedded in the functions G, 1y, and
nn. These station specific fixed effects result lead to station specific yields. Such
effect is implemented in Equation (1) as,
Yt =G (o, xy) = G (i (HOWE, iy (HOFY).

(1a)
Equation la is the composite function model of crop production that is calibrated
using data available at multiple resolutions. Since the model brings in human agency
and biophysical effects in a sequence (being a composite function), the parameters of

the model can be estimated in two stages. Therefore panel regressions (Lobell &
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Burke, 2010; Cai et al., 2014; Alvarez et al., 2017) are performed in two steps. This
also synthesizes observations at different locations and provides general relationships

across stations.

Fixed Effect Estimation of the model in two stages

Step 1: In order to understand regional water and nutrient use efficiencies across
locations, panel regression is performed across stations to estimate 1y, and 7y as
functions of human activities, H. We use the ratios 1y, = xy,/Wr and ny = x5 /F
(efficiencies of water and nutrient uptakes respectively) as dependent variables and
use inputs, H, such as machineries linked to labor and irrigation as independent

variables to estimate the following equations for stations i = 1,..,S:

nYy = AH + 8t + €y

n, = OH + 0! + ey
(2a, b)
Here, H' represent station-specific human activities but its effect on efficiencies,
(A, ©), are general across all the stations. Hence, (A, ®) are independent of station i.
Fixed station-specific effects are quantified by (8%, 8%), and (e, €y) represent the
residuals accounting for variance of efficiencies not explained by H. The estimation of
effects is based on linear regression of equations in Equation 2a,b and implemented

by using Alvarez et al. (2017).
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Step 2: Panel regressions are again employed to estimate crop yields as functions of
observed water and nutrients uptakes, independent of the stations. We assume that
G (xyy, xy) = kxy xy® (Kouka et al., 1994; Gowariker et al., 2009; Xin et al., 2016;
Li et al., 2016). This is done by estimating the following equation in log-space,
accounting for station specific fixed effects.
log(Y') = alog(xly) + Blog(xk) + log(k) + ' + €
3)

Here (xiy,xy) are ‘observed’ water and nutrient inputs and Y’ corresponding
observed yields. Note that the effects (a, 5, k) are independent of the stations while
' is station specific fixed effect and €, represents variance of Y not explain by the
independent variables. The station independent prediction of yields are obtained by

removing fixed effects Y = kx,, “xy?. The regression is performed using Alvarez et

al. (2017).

Model based prediction

When predicting yields, predictions of station specific water, £, and nutrient
uptakes, X%, are obtained as products of station-specific predictions of water and
nutrient use efficiencies with location specific water and nutrient availability

respectively.

That is, £}, =}, W} and £ = A}, F* with %), = AH' + 6% and A} = AH' + 6!

being predictions of first stage regressions.
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2.3.1 Proxies for water and nutrient uptakes

Transpiration, 7, is chosen as the proxy for water uptake by plants. Since it is harder
to detect nutrient uptake directly, proxy for nutrient uptake is estimated based on
Normalized Difference Vegetation Index (NDVI), (Landsat 7, 2001-2017). NDVI
reflects the joint effect of water and nutrient uptakes on plant greenness (Quarmby et
al., 1993; Ren et al., 2008; Mkhabela et al., 2011; Kogan et al., 2013; Sharma et al.,
2015). Therefore, the effect of water uptake on NDVI is first filtered out and the

remaining variance of NDVI is then assumed to approximate the uptake of nutrients.

In order to filter out the effect of water uptake from NDVI, a fixed effect regression
across the stations, similar to fixed effect regressions described above, is conducted in
log space with NDVI as dependent variable, g, and water uptake xy,, as represented
by transpiration 7, as the independent variable. This regression provides g (an
estimate of g), which is the part of greenness that is explained only by water uptake.
The difference between g and g in log space, i.e. residuals, then provides the part of
greenness that is only a function of nutrients taken up by crops. Such residuals are
then taken as proxy of nutrient uptake N, i.e.
log(N) = log(g) —log ()
“

The yearly maximum value of NDVI during the growing season is chosen to represent
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the maximum level of crop greenness because peak NDVI is most sensitive to the
levels of water and nutrient uptakes (Gamon et al., 1995). We assume that higher peak
NDVI also implies that the crop has undergone lower water and nutrient stress during
other critical growth stages. The growing season considered for winter wheat was
from 1% October of previous year to 1% June of next year (8 months), while the

growing period of rice was set as 1% May to 1 of October (5 months).
2.3.2 Water and nutrient use efficiency

Water and nutrient use efficiencies are defined as the ratio of transpiration 7" and
nutrient proxy N to total available water, Wy, and nutrient resources respectively.
Total available water resources, Wr, is defined as the sum of root zone moisture Sy,
at the beginning of crop growing season and precipitation P during crop growing
season. Nutrient availability, F, is represented by the total amount of fertilizer applied
per unit area — assuming that yield response to increased amounts of residual soil
nutrients are much less than to freshly applied fertilizer (Prihar et al., 1985). The
observed water use efficiency 7y, and nutrient use efficiency ny are then calculated

as follows and used to calibrate its predictive equations (equations 2a, b).

T

W=EES,

(5a)
_N
77N—F

(5b)
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Human factors such as labor used in crop production L, irrigation machinery power
M; and land-preparing machinery power M; per unit area are considered in the set
of independent variables H (see equations 2a, b). All combinations of joint and
individual effects (such as Lo.M;M;, LoM;, M;M;,L-M;, L., M; and M;) were first
regressed and only those effects that were statistically significant were selected in the

final model.

2.3.3 Validation

Leave-one-out cross validation was implemented to test the robustness of estimated
crop production for each crop. For each station, data was available for 17 years
(2001-2017, see Table 1). In each round of validation, 16 out of 17 years for each
station were chosen to train the model, while the remaining year was used to validate
the estimated model. This was repeated 17 times, each time with a unique year left out
for validation. Boxplots of relative errors show the distribution of relative errors in
leave one out cross validation. The calculation of relative errors is defined as:
RE = —y)/x

6]

where y represents the predicted yield for a crop using all except one year of data,

whereas y represents the observed yield.

3. Model interpretation: substitution between labor and machinery in winter
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wheat cultivation

The proposed crop production function is a composite function of crop yield and
efficiency with which water and nutrients are taken up, as facilitated by human

agency.

One can therefore interrogate such a model to understand how tradeoffs between
different components of human agencies have evolved over time. The water use
efficiency of winter wheat, as shown in Table 3.2, is supported by labor and irrigation
machinery (pumps) and land-preparation machinery (tractors and supporting tools).
Thus, winter wheat serves as an interesting example to investigate how different
elements have substituted one another and shed light on the mechanization of
agriculture in Jiangsu. Here we show that such estimations based on the composite

production function are consistent with observed data.

Here, by substitution of one factor by another we mean how much of one factor can
be substituted by one unit of another factor such that water use efficiency remains the
. . o dL
same. This requires, for example, the estimation of a?c such that d(ny) =0 (so
1

that the level of water use efficiency remains the same).

onw
oM,

onw

on
dlm) = 3-dle + 537

dMI‘l' dML =0

(4.1)

To obtain %, we divide both sides of Eq. 4.1 by dM;:
1
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0L, dM; 0M; 0M;dM,

4.2)
Obtaining % by using data from the statistical yearbooks of the province (BSJ,
1

2001~2018), % can be calculated as
1

dLC _ aLC aT]W 67]W dML
dM,  dny OM;, OM, dM,

(4.3a)
Note here that partial derivatives can be estimated from the regressed equations in

2.3.2. Similarly, % can be calculated as:
L
dM,  dny OM, OM,dM,

)

(4.3b)

d d .
The calculated 2€ and € are shown in figure 4.1a, b.
dM; dMy,



423

424

425

426

427

428

429

430

431

432

433

434

435

436

4. Model Results

4.1 Yield-uptake relationship

Table 3.1 gives the coefficients of proxies correspond to the effects (i.e., @« and f in
equation 3) of water and nutrient respectively. It reports that estimated effects for both

the crops were significant.

Crops X Coefficients  Std. Error
(xw)“ 0.53 0.06
Winter
(xy)? 0.12 0.03
wheat
Overall R-squared 0.73
()« 0.17 0.02
Rice (xy)? 0.04 0.01
Overall R-squared 0.84

Table 3.1 Yield-uptake fixed effect estimation of
a and

p for the two crops. All effects are significant with p<0.01.

Figure 3a,b show observed yields in comparison with the modeled yields for rice and
wheat. Modeled yields for various stations are obtained by incorporating station

specific fixed effects (from equation 3) for stations i = 1,..,S with parameters given

in Table 3.1 (fixed effects k' = ke™ not shown).
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443 4.2 Water Use Efficiency

444  Table 3.2 shows that several elements of H were found to be statistically significant in
445  explaining water use efficiency of winter wheat. In case of rice, only irrigation
446 machinery M; demonstrated significant effect (regression coefficient) on water use

447  efficiency, which reflects that water access is most important for its water uptake.

448
Crops H Coefficients Std. Error

L¢ 8.57e-3 2.76e-3
M, 5.60e-3 2.00e-3
M; 2.94e-3 0.75e-3
Winter Lc*M; -9.92¢-6 0.34e-5
wheat Lc*M;, -3.77e-6 1.05e-6
M;*M, -3.41e-6 0.92e-6
L *M;*M;, 4.45e-9 1.29e-9

Overall R-squared 0.68
M, 3.01e-4 0.77e-4

Rice
Overall R-squared 0.49

449  Table 3.2 Fixed effect estimation of water use efficiency for the two crops. All effects
450 are significant at p<0.01.

451

452  Again, Figure 4a, b show ‘observed’ (see equation 5a how water use efficiency, i.e.,

453  WUE, has been defined) WUE in comparison with the modeled WUE for rice and



454  wheat (from equation 2a).
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Fig. 4a, b Modeled and observed crop water use efficiency (WUE) across the stations.
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4.3 Nutrient Use Efficiency

Table 3.3 shows that land-preparing machinery is the only significant factor for the
nutrient use efficiency of winter wheat. This indicates that better-prepared farmland is
the only significant factor that facilitated better nutrient access for winter wheat. On
the other hand, the major contributing factor to rice nutrient use efficiency is labor
power, together with the joint-effect factor of crop labor and land-preparation

machinery.

Crops X Coefficients Std. Error
Winter M; 1.26e-7 0.23e-7
Wheat Overall R-squared 0.49
L¢ 2.35¢e-8 0.58¢-8
Rice Lc*M;, 5.35e-12 1.25e-12
Overall R-squared 0.56

Table 3.3 Fixed effect estimation of nutrient use efficiency. All effects are significant

at p<0.01.
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4.4 Leave-one-out cross validation

According to Fig 6a, b, for all crops at all stations, the median values (shown by red
line at the center of the box plots) of relative errors are within £0.05 of observed
values (as indicated by the red shadows). This indicates that the proposed model is

robust in modeling winter wheat and rice production within Jiangsu Province.
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Fig. 6a, b: Leave-one-out cross validation across the stations and two crops.
Distribution of relative errors (equation 5) are shown with zero error shown by the

grey dashed line, and = 0.05 error shown by the red shadows

4.5 Substitution between labor and machinery in winter wheat cultivation
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Fig. 7a, b indicate that during years before 2005, more labor, L., was used relative to
machinery M;. After 2005, mechanization gradually led to less labor being used
relative to machinery while achieving same level of water use efficiency. The
derivative between L, and M, i.e., ;%i, however fluctuated around 0, indicating
that they are complimentary and do not tend to substitute one another. The close
resemblance of substitution effects estimated based on regressed relationships,
together with those estimated based on statistical year books (indicated as data in
Figure 6), further suggests that the proposed production function is capable of

providing robust interpretation of how one input has been, or can be, substituted with

another without affecting water use efficiency.
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Fig.7a, b Rates of substitution between labor and machinery
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5. Discussion and Conclusion

This paper conceptualized crop production as a composite function of bio-physical
mechanisms and human-agency. While the former links water and nutrient uptakes to
crop biomass production, the latter influences the efficiencies with which water and

nutrients are taken up.

The model was calibrated using hydro-climatic and agricultural statistics from 2001 to
2017 for two main food crops in Jiangsu province, i.e., winter wheat and rice, using
panel regressions across agro-meteorological monitoring stations (six for winter
wheat, three for rice). The median performance of the composite function was found

to be within 5% of the observed based on leave one out cross validation.

The fixed effect regressions were used to filter out station specific effects of human
agency on use efficiencies and of efficiencies on crop production. This data-driven
approach was key to commensurate, to certain extent, different scales of the data sets
used and to obtain a generic relationship that is devoid of any station specific effects.
The yield data used was at provincial level, transpiration and soil moisture was at 0.25°
x 0.25° scale based on GLDAS reanalysis data, and NDVI and human agency data
was station specific. However, transpiration and soil moisture data used is at much
coarse resolution compared to NDVI, which means that, for example, transpiration

would give an aggregate for both (irrigated) crops and native vegetation and other
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land surfaces. It is assumed that higher peak NDVI also implies that the crop has
undergone lower water and nutrient stress during other critical growth stages. Further,
irrigation has been ignored when calculating water use efficiency. Results therefore
demonstrate a proof of concept at best, which can be made more reliable with higher

resolution data sets.

The data driven approach treated crop production as a composite function of water
and nutrient use efficiency and human agency. This approach fills a gap in our
coupled human-water system understanding of crop production, which either has been
focused on bio-physical mechanisms or based on economic production theory. The
proposed method demonstrated its novelty by not only modeling the bio-physical
relationships of crop yield with water and nutrient inputs, but also considering how
humans, e.g. through irrigation and land-preparation, influence the efficiencies of
water and nutrients uptake. Crop and labor machinery were found to be important for
nutrient use efficiency. Irrigation machinery was most important for water use
efficiency of rice production. However, all aspects of human agency were important

for water use efficiency of winter wheat production.

These results are intuitive, suggesting the labor and land preparation machinery are
key to crop production in the region in general. While the variance explained by
human agency in explaining nutrient use efficiency was similar across the two crops,

human agency appeared to explain water use efficiency of winter wheat a lot better
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than rice. This indicates that WUE of rice is less sensitive to human agency and
perhaps more dependent on water scarcity. On the other hand water and nutrient use
efficiency and therefore crop productivity of winter wheat was sensitive to various
aspects of human agency such as labor and land preparation machinery. The
differences in the effects between the two crops indicate that rice production is a
water intensive crop and its yield exclusively depends on how well the crop is
irrigated. Even though rice cultivation is labor intensive, the role of human agency in
various stages of the crop growth appears to be less complicated. In contrast, winter
wheat, often grown in autumn, relies on a complex interplay of water and nutrient

availability that is facilitated by human agency during its growing period.

The substitution analysis revealed that more labor was used relative to machinery in
winter wheat production before 2005. Post 2005, mechanization gradually led to less
labor being used relative to machinery while achieving similar level of water use
efficiency. Labor (L) and irrigation machinery (M;) were found to be complimentary
to water use efficiency of winter wheat production. Therefore, interventions targeting

machinery are most instrumental in increasing wheat productivity.

Lyu et al. (2019) have recently found that under-employment in rural areas of Jiangsu
Province has been fueling the rural to urban migration. Given the gains in efficiency
that mechanization produces and the observed transition to mechanization, any sound

policy aimed at alleviating under-employment and hence migration should target
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more skilled employment in the non-agricultural sectors of rural areas. This will
ensure rural employment, sustainable rural communities (Li, 2010) as well as regional

food security.

The methodology is transferrable to other regions as well. This is because the data
sets used are regional agricultural statistics on crop yields and open access
hydrological data, such as reanalysis data for transpiration and soil moisture (Rodell
et al., 2004) and high resolution LANDSAT7 based NDVI data (Gorelick et al., 2017).
Policy strategies for alleviating migration while ensuring regional food security
therefore can be devised based on crop production simulations, as shown in this paper,
in regions where agricultural statistics data are available. This can be done by
analyzing the implications of crop production simulations that ensure food security on
rural employment under future climate and socio-economic scenarios. As Lyu et al.
(2019) have found, rural under-employment is a major driver of rural-urban migration.
Target regions could be fast developing regions such as Maghreb region of Africa and
South Asia that are witnessing massive flux of rural to urban economic migrants. Yet,
given that the dataset that the approach relies on is either reanalysis or at different
scales, such policy designs will need to be handled with caution and be validated

based on field campaigns where possible.



592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

References

Afifi, T., Liwenga, E., & Kwezi, L. (2014). Rainfall-induced crop failure, food
insecurity and out-migration in Same-Kilimanjaro, Tanzania. Climate and
Development, 6(1), 53-60. doi: https://doi.org/10.1080/17565529.2013.826128

Albayrak, S. (2008). Use of reflectance measurements for the detection of N, P, K,
ADF and NDF contents in sainfoin pasture. Sensors, 8(11), 7275-7286.
doi: https://doi.org/10.3390/s8117275

Allen, R. G., Pereira, L. S., Raes, D., & Smith, M. (1998). FAO Irrigation and
drainage paper No. 56. Rome: Food and Agriculture Organization of the
United Nations, 56(97), e156.

Allen, T. R., Crawford, T., Montz, B., Whitehead, J., Lovelace, S., Hanks, A. D., ... &
Kearney, G. D. (2019). Linking Water Infrastructure, Public Health, and Sea
Level Rise: Integrated Assessment of Flood Resilience in Coastal Cities.
Public  Works Management &  Policy, 24(1), 110-139. doi:
https://doi.org/10.1177/1087724X 18798380

Alvarez, 1., Barbero, J., & Zofio, J. (2017). A Panel Data Toolbox for
MATLAB. Journal of Statistical Software, 76(6), 1 - 27.

doi: http://dx.doi.org/10.18637/1ss.v076.106

Arias-Jiménez, E. (2002). FAO Plant Production and protection paper No. 156 Rev. 1:
Date palm cultivation, chapter VI by Klein and Zaid Date, 2002. Retrieved

from: http://www.fao.ore/3/v4360e/y4360e00.htm

Arnell, N. W., & Lloyd-Hughes, B. (2014). The global-scale impacts of climate


http://dx.doi.org/10.18637/jss.v076.i06
http://www.fao.org/3/y4360e/y4360e00.htm

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

change on water resources and flooding under new climate and
socio-economic scenarios. Climatic Change, 122(1-2), 127-140. doi:
10.1007/s10584-013-0948-4

Bureau of Statistics of Jiangsu. (2018). Statistical Yearbook of Jiangsu: China
Statistics Press. Retrieved from

http://tj.jiangsu.gov.cn/col/col70123/index.html (Chinese version, access for

free.)

Brown, T. C., Mahat, V., & Ramirez, J. A. (2019). Adaptation to future water
shortages in the United States caused by population growth and climate
change. Earth's Future, 7(3), 219-234. doi:
https://doi.org/10.1029/2018EF001091

Brouwer, C., Prins, K., Kay, M., & Heibloem, M. (1988). Irrigation water
management. irrigation methods. Training manual, 9.

Cai, R., Yu, D., & Oppenheimer, M. (2014). Estimating the Spatially Varying
Responses of Corn Yields to Weather Variations using Geographically
Weighted Panel Regression. Journal of Agricultural and Resource
Economics, 39(1835-2016-149505), 230-252.

Ceglar, A., Van der Wijngaart, R., De Wit, A., Lecerf, R., Boogaard, H., Seguini, L., ...
& Baruth, B. (2019). Improving WOFOST model to simulate winter wheat
phenology in FEurope: Evaluation and effects on yield. Agricultural
Systems, 168, 168-180. doi: https://doi.org/10.1016/j.agsy.2018.05.002

CHE, S.-g., ZHAO, B.-q., LI, Y.-t., Liang, Y., Lin, Z.-a., HU, S.-w., & Bing, S. (2016).


http://tj.jiangsu.gov.cn/col/col70123/index.html

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

Nutrient uptake requirements with increasing grain yield for rice in China.
Journal of integrative agriculture, 15(4), 907-917.

doi: https://doi.org/10.1016/S2095-3119(15)61143-1

Cobb, C. W.,, & Douglas, P. H. (1928). A Theory of Production. American Economic
Review, 18(1), 139-165.

CRU TS§4.02: Climatic Research Unit (CRU) Time-Series (TS) version 4.02 of
high-resolution gridded data of month-by-month variation in climate (Jan.
1901- Dec. 2017).
Retrieved from https://crudata.uea.ac.uk/cru/data/hrg/

de Wit, A., Boogaard, H., Fumagalli, D., Janssen, S., Knapen, R., van Kraalingen, D.,
Supit, 1., van der Wijingaart, R., & van Diepen, K. (2018). 25 years of the
WOFOST  cropping  systems  model. Agricultural  systems.  doi:
https://doi.org/10.1016/j.agsy.2018.06.018

Di Baldassarre, G., Sivapalan, M., Rusca, M., Cudennec, C., Garcia, M., Kreibich,
H., ... & Sanderson, M. R. (2019). Sociohydrology: Scientific challenges in
addressing the sustainable development goals. Water Resources Research. doi:
https://doi.org/10.1029/2018WR023901

Duan, K., Caldwell, P. V., Sun, G., McNulty, S. G., Zhang, Y., Shuster, E., ... &
Bolstad, P. V. (2019). Understanding the role of regional water connectivity in
mitigating climate change impacts on surface water supply stress in the United
States. Journal of hydrology, 570, 80-95. doi:

https://doi.org/10.1016/j.jhydrol.2019.01.011


https://doi.org/10.1016/S2095-3119(15)61143-1

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

Elshafei, Y., Sivapalan, M., Tonts, M., & Hipsey, M. R. (2014). A prototype
framework for models of socio-hydrology: identification of key feedback
loops and parameterisation approach. Hydrology and Earth System
Sciences, 18(6), 2141-2166. doi: https://doi.org/10.5194/hess-18-2141-2014

Erkossa, T., Stahr, K., & Gaiser, T. (2005). Effect of different methods of land
preparation on runoff, soil and nutrient losses from a Vertisol in the Ethiopian
highlands. Soil Use and Management, 21(2), 253-259.

doi: https://doi.org/10.1111/7.1475-2743.2005.tb00132.x

FAO. (2012). Crop yield response to water. FAO Irrigation and Drainage Paper,
Paper 66. ISSN 0254-5284.

FAO IFAD IOM WFP. (2018). The Linkages between Migration, Agriculture, Food
Security and Rural Development. Rome. 80pp.
(http://www.fao.org/3/CA0922EN/CA0922EN.pdf). Licence: CC BY-NC-SA
3.0 IGO

Femenia, F., Carpentier, A., & Koutchade, O. P. (2018). Dealing with corner solutions
in multi-crop micro-econometric models: an endogenous regime approach
with regime fixed costs. Post-Print hal-01879042, HAL. Retrieved from

https://ideas.repec.org/p/hal/journl/hal-01879042 .html

Ferrero, R., Lima, M., & Gonzalez-Andujar, J. L. (2018). Crop production structure
and stability under climate change in South America. Annals of applied
biology, 172(1), 65-73. doi: https://doi.org/10.1111/aab.12402

Fletcher, S., Lickley, M., & Strzepek, K. (2019). Learning about climate change


https://doi.org/10.1111/j.1475-2743.2005.tb00132.x
https://ideas.repec.org/p/hal/journl/hal-01879042.html

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

uncertainty enables flexible water infrastructure planning. Nature
communications, 10(1), 1782. doi:
https://doi.org/10.1038/s41467-019-09677-x

Florke, M., Schneider, C., & McDonald, R. I. (2018). Water competition between
cities and agriculture driven by climate change and urban growth. Nature
Sustainability, 1(1), 51. doi: https://doi.org/10.1038/s41893-017-0006-8

Foyer, C. (1984). Photosynthesis (Cell biology, v. 1). New York: Wiley.

Gamon, J. A., Field, C. B., Goulden, M. L., Griffin, K. L., Hartley, A. E., Joel, G., ...
& Valentini, R. (1995). Relationships between NDVI, canopy structure, and
photosynthesis in  three  Californian  vegetation types. Ecological
Applications, 5(1), 28-41.

Gaydon, D. S., Wang, E., Poulton, P. L., Ahmad, B., Ahmed, F., Akhter, S., ... &
Choudhury, B. U. (2017). Evaluation of the APSIM model in cropping
systems of  Asia. Field Crops Research, 204, 52-75. doi:
https://doi.org/10.1016/j.fcr.2016.12.015

Goldsmith, P. D., Gunjal, K., & Ndarishikanye, B. (2004). Rural-urban migration and
agricultural productivity: the case of Senegal. Agricultural economics, 31(1),

33-45. doi: https://doi.org/10.1111/1.1574-0862.2004.tb00220.x

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., & Moore, R.
(2017). Google Earth Engine: Planetary-scale geospatial analysis for
everyone. Remote Sensing of Environment, 202, 18-27.

doi: https://doi.org/10.1016/j.rse.2017.06.031


https://doi.org/10.1111/j.1574-0862.2004.tb00220.x

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

Gowariker, V., Krishnamurthy, V. N., Gowariker, S., Dhanorkar, M., & Paranjape, K.
(2009). The fertilizer encyclopedia. John Wiley & Sons.

Haines-Young, R., & Potschin, M. (2010). The links between biodiversity, ecosystem
services and human well-being. Ecosystem Ecology: a new synthesis, I,
110-139.

Harris, 1. P. D. J., Jones, P. D., Osborn, T. J., & Lister, D. H. (2014). Updated high-
resolution grids of monthly climatic observations-the CRU TS3. 10
Dataset. International journal of climatology, 34(3), 623-642.

doti: https://doi.org/10.1002/joc.3711

Hatirli, S. A., Ozkan, B., & Fert, C. (2006). Energy inputs and crop yield relationship
in greenhouse tomato production. Renewable Energy, 31(4), 427-438.
doi: https://doi.org/10.1016/j.renene.2005.04.007

Heaton, E., Voigt, T., & Long, S. P. (2004). A quantitative review comparing the
yields of two candidate C4 perennial biomass crops in relation to nitrogen,
temperature and water. Biomass and bioenergy, 27(1), 21-30.
doi: https://doi.org/10.1016/j.biombioe.2003.10.005

Herrero, M. T., Thornton, P. K., Notenbaert, A. M. O., Msangi, S., Wood, S., Kruska,
R. L., Dixon, J.A., Bossio, D.A., Steeg, J.V.D., Freeman, HA., & Li, X.
(2012). Drivers of change in crop—livestock systems and their potential
impacts on agro-ecosystems services and human wellbeing to 2030: A study
commissioned by the CGIAR Systemwide Livestock Programme. Retrieved

from:


https://doi.org/10.1002/joc.3711

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

https://cgspace.cgiar.org/bitstream/handle/10568/3020/SLPdriversstudyfinaldr
aft.pdf?sequence=4

Hoffman, A. L., Kemanian, A. R., & Forest, C. E. (2018). Analysis of climate signals
in the crop yield record of sub-Saharan Africa. Global change biology, 24(1),
143-157. doi: https://doi.org/10.1111/gcb.13901

Holzworth, D. P., Huth, N. 1., deVoil, P. G., Zurcher, E. J., Herrmann, N. 1., McLean,
G., ... & Moore, A. D. (2014). APSIM—evolution towards a new generation of
agricultural systems simulation. Environmental Modelling & Software, 62,
327-350. doi: https://doi.org/10.1016/j.envsoft.2014.07.009

Howitt, R. E. (1995). A calibration method for agricultural economic production
models. Journal of agricultural economics, 46(2), 147-159.

doi: https://doi.org/10.1111/1.1477-9552.1995.tb00762.x

Hsiao, T. C., Heng, L., Steduto, P., Rojas-Lara, B., Raes, D., & Fereres, E. (2009).
AquaCrop—the FAO crop model to simulate yield response to water: III.
Parameterization and testing for maize. Agronomy Journal, 101(3), 448-459.
doi: doi:10.2134/agronj2008.0218s

Insam, H., Mitchell, C. C., & Dormaar, J. F. (1991). Relationship of soil microbial
biomass and activity with fertilization practice and crop yield of three
ultisols. Soil Biology and Biochemistry, 23(5), 459-464.
doi: https://doi.org/10.1016/0038-0717(91)90010-H

Johnston, A., & Bruulsema, T. (2014). 4R nutrient stewardship for improved nutrient

use efficiency. Procedia Engineering, 83, 365-370.


https://doi.org/10.1111/j.1477-9552.1995.tb00762.x

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

doi: https://doi.org/10.1016/j.proeng.2014.09.029

Ke, B. (2001). Photosynthesis photobiochemistry and photobiophysics (Vol. 10):
Springer Science & Business Media.

Kendall, A., & Spang, E. S. (2019). The role of industrial ecology in food and
agriculture's adaptation to climate change. Journal of Industrial Ecology. doi:
https://doi.org/10.1111/jiec.12851

Kogan, F., Kussul, N., Adamenko, T., Skakun, S., Kravchenko, O., Kryvobok, O., . ..
Lavrenyuk, A. (2013). Winter wheat yield forecasting in Ukraine based on
Earth observation, meteorological data and biophysical models. International
Journal of Applied Earth Observation and Geoinformation, 23, 192-203.
doi: https://doi.org/10.1016/j.jag.2013.01.002

Konar, M., Evans, T. P., Levy, M., Scott, C. A., Troy, T. J., Vorosmarty, C. J., &
Sivapalan, M. (2016). Water resources sustainability in a globalizing world:
Who wuses the water? Hydrological Processes, 30(18), 3330-3336.
https://doi.org/10.1002/hyp.10843

Kouka, P. J., Jolly, C. M., & Henao, J. (1994). Agricultural response functions for
limited resource farmers in Sub-Saharan Africa. Fertilizer research, 40(2),
135-141.

Kreibich, H., di Baldassarre, G., Vorogushyn, S., Aerts, J. C. J. H., Apel, H., Aronica,
G. T., Arnbjerg - Nielsen, K., Bouwer, L. M., Bubeck, P., Caloiero, T., Chinh,
D. T., Cortés, M., Gain, A. K., Giampd, V., Kuhlicke, C., Kundzewicz, Z. W.,

Llasat, M. C., Mérd, J., Matczak, P., Mazzoleni, M., Molinari, D., Dung, N. V.,



768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

Petrucci, O., Schroter, K., Slager, K., Thieken, A. H., Ward, P. J., & Merz, B.
(2017). Adaptation to flood risk: Results of international paired flood event
studies. Earth's Future, 5(10), 953-965.
https://doi.org/10.1002/2017EF000606

Lecerf, R., Ceglar, A., Lopez-Lozano, R., Van Der Velde, M., & Baruth, B. (2019).
Assessing the information in crop model and meteorological indicators to
forecast crop yield over Europe. Agricultural Systems, 168, 191-202.
doi: https://doi.org/10.1016/j.agsy.2018.03.002

Leegood, R. C., Sharkey, T. D., & Von Caemmerer, S. (2006). Photosynthesis:
physiology and metabolism (Vol. 9): Springer Science & Business Media.

Lemaire, G., Salette, J., Sigogne, M., & Terrasson, J.-P. (1984). Relation entre
dynamique de croissance et dynamique de prélévement d'azote pour un
peuplement de graminées fourrageres. [.--Etude de l'effet du milieu.
Agronomie, 4(5), 423-430.

Levin-Koopman, J., Kuik, O., Tol, R., Van Der Vat, M., Hunink, J., & Brouwer, R.
(2019). Distributing water between competing users in the Netherlands
(Economy-Wide Modeling of Water at Regional and Global Scales by
Springer; Presented at the 22nd Annual Conference on Global Economic
Analysis, Warsaw, Poland). Purdue University, West Lafayette, IN: Global
Trade Analysis Project (GTAP). Retrieved from

https://www.gtap.agecon.purdue.edu/resources/res_display.asp?RecordID=584



790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

Li, J. (2010). The Path Choice of Jiangsu's Agricultural Transformation and
Upgrading. Jiangsu Rural Economy (305), 15-19.

Li, X., Zhang, X., Niu, J., Tong, L., Kang, S., Du, T., Li, S., & Ding, R. (2016).
Irrigation water productivity is more influenced by agronomic practice factors
than by climatic factors in Hexi Corridor, Northwest China. Scientific

reports, 6,37971. doi: https://doi.org/10.1038/srep37971

Liu, W., Hunsaker, D., Li, Y., Xie, X., & Wall, G. (2002). Interrelations of yield,
evapotranspiration, and water use efficiency from marginal analysis of water
production functions. Agricultural Water Management, 56(2), 143-151.

doti: https://doi.org/10.1016/S0378-3774(02)00011-2

Lobell, D. B., & Burke, M. B. (2010). On the use of statistical models to predict crop
yield  responses to  climate  change. Agricultural  and  forest
meteorology, 150(11), 1443-1452.

doi: https://doi.org/10.1016/j.agrformet.2010.07.008

Ma, L., Feng, S., Reidsma, P., Qu, F., & Heerink, N. (2014). Identifying entry points
to improve fertilizer use efficiency in Taihu Basin, China. Land Use Policy, 37,
52-59. doi: https://doi.org/10.1016/j.landusepol.2013.01.008

McCarl, B. A. (1982). Cropping activities in agricultural sector models: a
methodological proposal. American Journal of Agricultural Economics, 64(4),
768-772.

Milly, P. C. D., Betancourt, J., Falkenmark, M., Hirsch, R. M., Kundzewicz, Z. W.,

Lettenmaier, D. P., & Stouffer, R. J. (2008). Stationarity is dead: Whither


https://doi.org/10.1038/srep37971
https://doi.org/10.1016/S0378-3774(02)00011-2
https://doi.org/10.1016/j.agrformet.2010.07.008

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

water management? Science, 319, 573-574.
https://doi.org/10.1126/science.1151915

Mkhabela, M., Bullock, P., Raj, S., Wang, S., & Yang, Y. (2011). Crop yield
forecasting on the Canadian Prairies using MODIS NDVI data. Agricultural
and Forest Meteorology, 151(3), 385-393.
doi: https://doi.org/10.1016/j.agrformet.2010.11.012

National Meteorological Information Center of China, Crop growth and development
and farmland soil moisture data set in China. 2006.

Novoa, V., Ahumada-Rudolph, R., Rojas, O., Munizaga, J., Sdez, K., & Arumi, J. L.
(2019). Sustainability assessment of the agricultural water footprint in the
Cachapoal River basin, Chile. Ecological indicators, 98, 19-28. doi:
https://doi.org/10.1016/j.ecolind.2018.10.048

Pande, S., Ertsen, M., & Sivapalan, M. (2014). Endogenous technological and
population change under increasing water scarcity. Hydrology and Earth
System Sciences, 18(8), 3239-3258.
doi: https://doi.org/10.5194/hess-18-3239-2014

Parry, M. L. (2019). Climate change and world agriculture (Chapter 1: The Sensitivity
of Agriculture to Climate). Routledge.

Pattanayak, S. K., & Sills, E. O. (2001). Do tropical forests provide natural insurance?
The microeconomics of non-timber forest product collection in the Brazilian
Amazon. Land economics, 77(4), 595-612. doi: 10.2307/3146943

Prihar, S., Gajri, P., & Arora, V. (1985). Nitrogen fertilization of wheat under limited



834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

water supplies. Fertilizer research, 8(1), 1-8.
doi: https://doi.org/10.1007/BF01048902

Raes, D., Steduto, P., Hsiao, T. C., & Fereres, E. (2009). AquaCrop—the FAO crop
model to simulate yield response to water: II. Main algorithms and software
description. Agronomy Journal, 101(3), 438-447.
doi: doi:10.2134/agronj2008.0140s

Ren, J., Chen, Z., Zhou, Q., & Tang, H. (2008). Regional yield estimation for winter
wheat with MODIS-NDVI data in Shandong, China. International Journal of
Applied Earth Observation and Geoinformation, 10(4), 403-413.
doi: https://doi.org/10.1016/j.jag.2007.11.003

Rodell, M., P.R. Houser, U. Jambor, J. Gottschalck, K. Mitchell, C.-J. Meng, K.
Arsenault, B. Cosgrove, J. Radakovich, M. Bosilovich, J.K. Entin, J.P. Walker,
D. Lohmann, and D. Toll, The Global Land Data Assimilation System, Bull.
Amer. Meteor. Soc., 85(3), 381-394, 2004.

doi: https://doi.ore/10.1175/BAMS-85-3-381

Roobavannan, M., Kandasamy, J., Pande, S., Vigneswaran, S., & Sivapalan, M.
(2017a). Role of sectoral transformation in the evolution of water management
norms in agricultural catchments: A sociohydrologic modeling analysis. Water
Resources Research, 53, 8344—8365. https://doi.org/10.1002/2017WR020671

Roobavannan, M., Kandasamy, J., Pande, S., Vigneswaran, S., & Sivapalan, M.
(2017b). Allocating environmental water and impact on basin unemployment:

Role of a diversified economy. Ecological Economics, 136, 178-188. doi:


https://doi.org/10.1175/BAMS-85-3-381

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

874

875

876

877

https://doi.org/10.1016/j.ecolecon.2017.02.006

Rosegrant, M. W., Ringler, C., McKinney, D. C., Cai, X., Keller, A., & Donoso, G.
(2000). Integrated economic - hydrologic water modeling at the basin scale:
The Maipo River basin. Agricultural economics, 24(1), 33-46.
doi: https://doi.org/10.1111/j.1574-0862.2000.tb00091.x

Savenije, H. H. G., Hoekstra, A. Y., & van der Zaag, P. (2014). Evolving water
science in the Anthropocene. Hydrology and Earth System Sciences, 18(1),
319 - 332. https://doi.org/10.5194/hess - 18 - 319 - 2014

Sembiring, H., Raun, W., Johnson, G., Stone, M., Solie, J., & Phillips, S. (1998).
Detection of nitrogen and phosphorus nutrient status in bermudagrass using
spectral radiance. Journal of plant nutrition, 21(6), 1189-1206.

doi: https://doi.org/10.1080/01904169809365477

Sivapalan, M., & Bloschl, G. (2015). Time scale interactions and the coevolution of
humans and water. Water Resources Research, 51, 6988-7022.
https://doi.org/10.1002/2015WR017896

Sivapalan, M., Konar, M., Srinivasan, V., Chhatre, A., Wutich, A., Scott, C. A.,
Wescoat, J. L., & Rodriguez - Iturbe, I. (2014). Sociohydrology: Use -
inspired water sustainability science for the Anthropocene. Earth's Future, 2,
225 - 230. https://doi.org/10.1002/2013EF000164

Smith, M. (1992). CROPWAT: A computer program for irrigation planning and
management (No. 46). Food & Agriculture Org.

Steduto, P., Hsiao, T. C., Raes, D., & Fereres, E. (2009). AquaCrop—The FAO crop


https://doi.org/10.1080/01904169809365477

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

model to simulate yield response to water: I. Concepts and underlying
principles. Agronomy Journal, 101(3), 426-437.
doi: 01:10.2134/agronj2008.0139s

Vorosmarty, C. J., Green, P., Salisbury, J., & Lammers, R. B. (2000). Global water
resources: vulnerability from climate change and population growth. science,
289(5477), 284-288. doi: 10.1126/science.289.5477.284

Vorosmarty, C. J., Pahl - Wostl, C., Bunn, S. E., & Lawford, R. (2013). Global water,
the Anthropocene and the transformation of a science. Current Opinion in
Environmental Sustainability, 5(6), 539 - 550.
https://doi.org/10.1016/j.cosust.2013.10.005

Wagener, T., Sivapalan, M., Troch, P. A., McGlynn, B. L., Harman, C. J., Gupta, H. V.,
Kumar, P., Rao, P. S. C., Basu, N. B., & Wilson, J. S. (2010). The future of
hydrology: An evolving science for a changing world. Water Resources
Research, 46, W05301. https://doi.org/10.1029/2009WR008906

Xiao, X., Boles, S., Frolking, S., Salas, W., Moore Iii, B., Li, C., . . . Zhao, R. (2002).
Landscape-scale characterization of cropland in China using Vegetation and
Landsat TM images. [International Journal of Remote Sensing, 23(18),
3579-3594. doi: https://doi.org/10.1080/01431160110106069

Xin, H., Peiling, Y., Shumei, R., Yunkai, L., Guangyu, J., & Lianhao, L. (2016).
Quantitative response of oil sunflower yield to evapotranspiration and soil
salinity with saline water irrigation. International Journal of Agricultural and

Biological Engineering, 9(2), 63-73. doi: 10.3965/j.1jabe.20160902.1683



900



