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In recent years, the impacts of climate change and socio-economic development on the water-energy-food nexus
have been a hot topic. Forecasting future food and energy production and water withdrawal trends under a range
of climate and socio-economic scenarios is a critical step for formulating agricultural, industrial, and environ
mental policy. However, published studies are imprecise due to the complexity of the changeable environment
and nexus system. Here we conducted a systematic review and meta-analysis based on 97 studies (1253 ob
servations) published before September 2021 to evaluate the effects of climate change factors on food yield and
irrigation water, as well as the influence of socioeconomic development on energy production and water
withdrawal. The study shows that the most serious impact of climate change on food yield occurred under the
RCP8.5 scenario, with an average decrease of 1.73%, 4.17% and 4.56% in the 2020s, 2050s, and 2080s,
respectively. Similar to the prediction of food yield, the irrigation water requirement of food production under
the influence of climate change in the RCP8.5 scenario (12.22–18.01%) is higher than that in RCP4.5 and
RCP2.6. Under the five socio-economic future scenarios, the average energy generation is projected to increase
from 77.41 EJ (2010) to 334.11 EJ (2100). Water withdrawals for electricity generation range from 347 km3
(SSP1) to 1263 km3 (SSP5). Population and GDP were significantly and positively correlated with power gen
eration and water withdrawal (P < 0.001). To some extent, increases in CO2 concentration and precipitation
could compensate for the negative impact of rising temperatures on food yield. Climate change, as well as
economic and social growth, will provide substantial challenges to the future water-energy-food nexus. In
particular, the water resource risk at its core will create significant uncertainty in the future water-energy-food
nexus. To ensure the security and stability of the nexus, we advocate for quick adoption of innovative tech
nologies as well as a multi-sectoral, coordinated strategy for adaptation. We believe that the findings of this
paper will provide effective and reliable data support for future policy formulation.
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1. Introduction
Global water, energy, and nexus (WEFN) are highly interconnected
(Wichelns, 2017). Nexus is driven and constrained by both climate
change and socio-economic development (Bhaduri et al., 2015; Biggs
et al., 2015). Population growth, urbanization and economic develop
ment have aggravated the shortage of global nexus resources. It is ex
pected that by 2050, the global demand for food and energy will

increase by 60% and 80%, respectively (Ferroukhi et al., 2015). More
critically, Stockholm Environment Institute (SEI, 2015) pointed out that
"available water" was the core element of the "nexus". Climate change
has greatly affected the availability of water resources, which has
become a critical constraint for food and energy production. It is esti
mated that climate change and water shortages will leave 120 million
people undernourished (Schmidhuber and Tubiello, 2007). In addition
to water constraints, the energy system is also driven by population,
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economic growth and structural change. Therefore, to ensure WEFN
security and mitigate the impact of uncertainties such as climate change
and population expansion, we need to further explore the following
three questions: (1) How will climate change affect food yields and
irrigation water in the future? (2) What is the response of energy pro
duction and water withdrawal to economic society? (3) What are the key
drivers the WEFN faces in a changing environment?
Studies have quantified the impact of future climate change on food
yields and irrigation water, and a variety of methods have been applied.
Among them, crop models were the most widely used (Araya et al.,
2015; Chenu et al., 2017). Compared with other methods, crop models
can effectively simulate the physiological process of crop production at
each development stage and evaluate the changing trend of crops under
climate change scenarios. But in fact, discrepancies in scenarios, study
areas and methods contributed to the variability of the existing research
findings. The distinction is not only numerical but also in opposite di
rections. A global assessment has found that food yields will increase in
the future (Tian et al., 2021). However, Deryng et al. (2011) stated that
future climate change might diminish yields. Some studies in North
America anticipated that yields would fall in Mexico (Kai, 2018),
Oklahoma (Rasoulzadeh Gharibdousti et al., 2019) and Canada (Bras
sard and Singh, 2007). But several other studies in Mexico (Murray-
Tortarolo et al., 2018), the United States (Johnston et al., 2015) and
Canada (Qian et al., 2016) have forecast an increase in food yields. Food
irrigation water use is expected to grow in China (Zhao et al., 2014) and
Iran (Ahmadi et al., 2021) as a result of climate change, while another
study in the United States predicted a decrease in water use (Johnston
et al., 2015). The same is true for energy production projections. Taking
electricity generation as an example, while scholars predict that elec
tricity generation and water withdrawal will increase under various
SSPs scenarios, the values of different studies fluctuate significantly. For
example, Graham et al. (2018) anticipated 950 km3 of water withdrawal
for electricity generation under the SSP5 scenario by 2100, while
another study predicted 1942 km3 (Ando et al., 2017).
Despite the fact that studies have predicted the effects of climate
change and socio-economic factors on the WEFN or the nexus subsys
tem, the disparities in prediction results create challenges for decisionmakers to pick a choice. Given the increasing concerns about the secu
rity of the WEFN. This study intends to standardize the impacts of un
certain elements (climate change and socio-economic factors) on
prediction results by constructing a meta-regression model, as well as
explain the causes for the disparities in prediction results. Metaregression analysis (MRA) is a valuable method for summarizing re
sults and assessing consensus in the literature (Stanley and Jarrell, 2005;
Thompson and Higgins, 2002). It emerged from meta-analysis and re
mains primarily a regression analysis method, but its strength is in its
capacity to systematically explain a complex set of underlying factors
that may influence dependent variables (Loomis and White, 1996).
Therefore, MRA can recount the results of multiple studies on the same
research topic and identify the sources of heterogeneity (Baker et al.,
2009; Gurevitch et al., 2018). Meanwhile, the application of MRA can
avoid some of the deviations in the original literature. While similar
studies are being conducted to assess the impact of climate change on
crop yield (Wilcox and Makowski, 2014), food demand (van Dijk et al.,
2021), crop water efficiency (Fan et al., 2018) and energy demand
(Menegaki, 2014). There have been few studies on MRA from the
perspective of WEFN, especially the comprehensive influence of climate
change and socioeconomic factors on WEFN.
In the framework of MRA, this study attempts to synthesize peerreviewed findings. Food yields, irrigation water, energy production,
and water withdrawal were forecasted under changing environmental
conditions. The implications of climate change and socio-economic
development were also considered. In this paper, potential future
WEFN challenges and corresponding countermeasures are proposed to
provide support for ensuring WEFN collaboration security.

2. Materials and methods
2.1. Literature identifying and screening
To select relevant studies on future global food (grain), energy
(electricity) production and water use projections, we identify review
questions, search strategies and inclusion/exclusion criteria following
the systematic review guidelines developed by EPI-Centre. We asked:
What are the global trends in food and energy production, as well as
water use, up to the year 2100? What are the driving elements influ
encing their evolution? Based on the above questions, this study com
bined two search engines: Web of Science and Google Scholar. A
systematic search strategy for identifying peer-reviewed and gray liter
ature was devised. In searching the peer-reviewed literature, the key
words used in various combinations were “wheat, rice, corn, maize,
electricity, electric power, yield, generation, climate change, economic
development, future population, water demand, irrigation water
requirement, water withdrawal, etc.”; details are given in Appendix A1.
No time period was set for this search so all relevant publications
through September 27, 2021, were selected. 35,142 papers were
retrieved from Web of Science and 86,201 papers from Google Scholar.
We extracted the top 500 relevant results from Google Scholar for
screening. After removing duplicates, 35,485 related references were
selected.
We used the following criteria for screening: (1) Exclude publications
that are unrelated to wheat, corn, rice, electricity and water re
quirements, i.e., articles that focus on other crops or energy products. (2)
Only quantitative evaluation was included. (3) Articles that restrict the
quantitative study to specific historical years should be excluded. (4) For
electricity generation studies, the focus of this review is on global studies
and therefore country and regional studies will be excluded. However,
for the studies of food production, the statistics in this paper are not
limited to worldwide data, thus there is no need to exclude them. (5)
Relevant data can be extracted or calculated from the publication, and
the data contains at least one variable, such as temperature, precipita
tion and population. Specific data screening principles can be found in
Appendix A2. If there are multiple climate scenarios, time scales or crop
varieties in the same study, these results are extracted as independent
samples.
In the literature screening, the first reviewer will screen the entire
text of the studies that have been identified as relevant after initially
reviewing the titles and abstracts. The studies under review will be
assessed by a second reviewer if there is any doubt during the screening
process. If needed, the research teams will discuss the details of the
studies. After screening, 97 research studies (1253 observations) met the
selection criteria (Fig. 1), with detailed information summarized in
Appendix A3.
2.2. Data extraction
In this study, the percentage change of grain yield and irrigation
water requirement, electricity generation and water withdrawal during
power generation were selected as indicators to explore the trend of
WEFN in the future changing environment. The following information is
systematically extracted from the screening results: basic information of
the article (author, institution, and published year), study area, forecast
year and baseline, model method, forecast scenario (such as SRES, RCP,
SSP, or others), percentage change in grain yield and irrigation water
requirement, global electricity generation and water withdrawal during
power generation. This database will be the foundation for descriptive
analysis. Temperature, precipitation, and CO2 concentration all have an
impact on grain yield and irrigation requirements in a changing climate.
Global electricity generation will be influenced by GDP and population
increase. In order to find explanatory variables that might influence the
response of food and energy to changing environment, this study
extracted driving variables corresponding to each observation sample
2
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Fig. 1. Flow diagram of the literature search and study selection process.

from the collected studies. However, at least one of these variables was
missing in many studies, so the full sample observation value (restricted
dataset) corresponding to these variables was 598 (Table 1). We used the
restricted dataset to establish a meta-regression model.
Note* : Many studies contain more than one variable; thus, the sum
of the literature is 97 rather than 110.

mathematical formulation of its model is
Yi = β0 + β1 X1i ⋯ + βp Xpi + α0 z1i ⋯ + αp zpi + ε
where Yi denotes the dependent variable; β0 is the intercept; β1 ⋯βp are
the fixed-effect coefficients; and X1i ⋯Xpi are the fixed-effect regressors.
α0 ⋯αp are the random effect, and z1i ⋯zpi are the random-effect re
gressors, and ε is residual error random term.
We estimated separate linear mixed models for each of the four in
dicators. For electricity generation and water withdrawal, the fixed ef
fects in the model are population and GDP, while the random effects
comprise prediction models and future SSP scenarios. The fixed effects
for food production and irrigation water requirements include average
temperature change, precipitation change and carbon dioxide concen
tration change. Random effects include prediction models, study sites,
climate scenarios and crop categories.

2.3. Meta-regression analysis
A mixed-effects model is one in which the independent variables
have both fixed and random effects (Fox and Weisberg, 2018). Fixed
effects are essentially predictor variables. This is the effect of interest
after considering random variability. And random effects are described
as noise in the data. These are effects caused by uncontrolled variability
within the sample. In this study, based on the lmerTest (Kuznetsova
et al., 2017) and lme4 (Bates et al., 2014) packages of R (v.4.1.2), a
linear mixed-effect model was constructed to identify the driving factors
of food, energy production and water requirement trends. The

3. Results
3.1. Overview of studies

Table 1
Summary of the database for meta-regression analysis.
Number of
publications
Food yield
Water requirement for
food yield
Electricity generation
Water withdrawal for
electricity generation
Total

Number of
observations

We ultimately selected 97 publications for meta-analysis. The num
ber of studies has increased dramatically during the last 20 years, and
related research has been expanded (Fig. S1). Especially after 2014, the
issues of "food security", "energy security" and "water shortage" have
attracted people’s attention, triggering academics to debate future food
yields, energy production and water use (Fig. 2). Most studies used
models to simulate the future water-energy-food change trend, and the
DSSAT model is the most widely used (n = 37, Fig. S2). This model has
been utilized in more than 100 countries around the world for over 20
years and has been applied to the simulation of the crop growth process

Number of
restricted
datasets

80
16

746
324

406
65

5
9

70
113

52
75

97

1253

598
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Fig. 2. Time zone chart of From 2003–2021. From 2003 to 2021 the color of keyword links becomes darker. And node size is correlated with the keyword
occurrence frequency.

for a long time (Patel et al., 2017). As a sub-module of the DSSAT model,
CERES series models have been updated and widely used to evaluate the
influence of climate change on crop yield (Timsina and Humphreys,
2006; ). In addition to the DSSAT model, it also includes the APSIM,
AquaCrop, ORYZA, AIM/CGE model and PRECIS models. Thereinto, the
AIM/CGE model is mainly applied to forecast the future production of
energy.
To further explore the change characteristics of the selected litera
ture research topics, this study obtained the time zone map of keywords
based on Citespace5.7. R2 software (Chen, 2014). Its development can
be summed up in two stages. The first period lasted from 2003 to 2014.
Related research was in the preliminary stage, and there were few
publications and keywords. This stage primarily forecasts the trend of
crop yield change in the context of climate change. The concept of water,
energy, and food nexus was formally proposed at the Bonn conference in
2011, and FAO expanded on it in terms of food security in 2014, raising
concerns regarding related issues. Subsequently, relevant studies

entered the development stage from 2015 to 2021. In the second stage
from 2015 to 2021, the number and content of keywords are more
abundant than in the previous stage. With the proposal of the concept of
WEFN, scholars no longer focus only on the development trend of food
yields, but gradually launch research directions such as "water demand"
and "energy demand". Meanwhile, as future scenarios, the terms "RCP
scenario" and "common socio-economic routes" were frequently
employed. Comprehensive analysis shows that its research scope and
methods have been enriched, and the WEFN has become a research
hotspot. However, as this study only conducts keyword analysis on the
97 studies obtained in the final screening, the results are more targeted
at the relevant studies that meet the screening conditions of this study.
The collected data related to energy in this study is global scale, so
the study area is not analyzed. However, food yield forecasts are often
affected by temperature and precipitation. The assessment scales are
smaller. In this study, the number of food yield datasets in different
regions of the final selected literature was counted. Fig. 3 shows that the

Fig. 3. Map of the number of country scale food production datasets.
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datasets are mainly concentrated in Asian countries, especially China
(234 observations, 31.79%) and India (66 observations, 8.96%). The
number of datasets was much higher than those of other regions. One of
the main reasons is that as China and India are the most populous
countries in the world, changes in food production will have a signifi
cant impact on local food security. Secondly, from the perspective of
data collection, the data of Chinese and Indian literature are more
comprehensive and easier to obtain. Aside from Asia, Africa’s unique
geographical location makes its food production vulnerable to drought
and extreme weather. Furthermore, as one of the most food-insecure
states in the world, Africa has attracted the interest of academics. The
number of datasets in this region is second only to that of Asia, ac
counting for 13.17% of the total. The United States, as the world’s
largest food producer, produces 40% of the world’s corn (Karlen et al.,
2012). Scholars are concerned about the future food production capacity
of the United States. We finally extracted 44 observations from the
United States datasets. It can be found that hot spots are areas with
prominent food security or significant contribution to food production.

negatively impacting food production. Baek et al. (2013) showed that
compared to 1986–2005, the temperature increased by 4.6 ℃ in the RCP
8.5 scenario at the end of the 21st century (2081–2100), while the
temperature only increased by 1.4 ℃ and 2.6 ℃ in RCP 2.6 and RCP 4.5
scenarios, respectively. Especially under the RCP 2.6 scenario, global
temperature changes tend to be flat at the end of the 21st century. The
disparity in results between the RCP4.5 and RCP8.5 scenarios empha
sizes the importance of developing feasible GHG emission policies.
Globally, agriculture is a major user of water. According to statistics,
water withdrawal for food has increased 7.3 times in the past century
(FAO, 2014). The future increase in irrigation water requirements for
food production, combined with the effects of climate change, will
exacerbate global water scarcity. Fig. 5 depicts the evolution of crop
irrigation water requirements with time (ranging from the 2020 s to the
2080 s) and different RCPs. It can be found that the irrigation water
requirements will become prominent over time. The effect of climate
change on irrigation water requirements for food production under the
RCP8.5 scenario (12.22–18.01%) is higher than that under the RCP4.5
(9.43–17.02%) and RCP2.6 scenarios (6.65–15.54%). This is also
consistent with the forecasts for food production.

3.2. Projections of global food yield and irrigation water use

3.3. Projections of global energy generation and water withdrawal

Considering all RCPs scenarios, future food yield declines by 1.82%,
with confidence intervals ranging from − 0.81% to − 2.83%. The
magnitude of the yield change generally increases with time: − 2.28%
and − 2.62% of average yield change in the 2050 s and 2080 s,
compared with − 0.27% for the 2020s (Table 2). For the second half of
the century, more systematic and aggressive adaptation to climate
change impacts may be required to avoid food security risks caused by
significant declines in average food yields.
Note* : n is the number of observations; 95% CI stands for 95%
confidence intervals.
Given that different crops respond depending on various climate
scenarios, we extracted yield change trends of different crops (wheat,
maize and rice) under various climate change scenarios over multiple
periods (2020 s, 2050 s and 2080 s) (Fig. 4). The declining trend of
maize (− 3.89 ± 3.25%) was greater than that of wheat (− 0.93
± 4.41%) and rice (− 1.05 ± 4.81%). This is mainly due to the higher
water demand of maize and its tendency to grow without irrigation,
making it more sensitive to climate patterns. Heavy irrigation of wheat
in countries such as China and India explains the milder effects of
weather patterns. Unlike wheat, rice yields are less affected by climate
change than maize yields because rice is typically grown in water-rich
areas, so precipitation is less limiting to rice production than maize.
Anderson et al. (2019) also discovered that maize is the crop most
vulnerable to failure due to climate change. 18% of the annual change in
maize yield is the result of climate variation, while the wheat yield
reduction caused by climate variation only accounts for 6% of the global
total yield change. This conclusion also confirms our findings.
Variability in yield changes under different climate scenarios due to
variable levels of projected climate change. According to ur Rahman
et al. (2018), the RCP8.5 scenario has more effect on climate than other
RCPs. Our research also found that the RCP8.5 scenario had the most
serious impact on food yield, with an average decrease of 1.73%, 4.17%
and 4.56% for the 2020s, 2050s and 2080s, respectively. In RCP 4.5,
climate change would increase food yield by 1.23%, 0.23% and 0.07% in
the 2020s, 2050s and 2080s, respectively. This result is due to the
greater degree of warming under the RCP8.5, with higher temperatures

SSPs describe five plausible future worlds that are defined by
narrative storylines and quantitative information and can be charac
terized by two indices, socio-economic challenges for adaptation and
mitigation (Riahi et al., 2017). For example, SSP1 is characterized by
low levels of socioeconomic challenges in both mitigation and adapta
tion, implying a reasonably optimistic perspective of future climate
change conditions. Smaller populations, faster economic growth, more
advanced energy technologies, and a variety of other variables all sup
port this viewpoint. SSP3, on the other hand, is marked by a high level of
mitigation and adaptation challenges. Therefore, SSP1 has the lowest
population, with an estimated 7 billion people by 2100, and SSP3 has
the largest population, with 12.6 billion people. In SSP4, there is strong
income inequality and high adaptation challenges. SSP5 has the fastest
economic growth, with global GDP expected to reach 1014 trillion US
$2005 in 2100, whereas SSP2 is in the middle of the other four scenarios.
Based on the meta-analysis method, this study integrated and
compared the predicted ranges of energy production and water with
drawal by scholars, and mapped them to SSPs for further analysis. The
results show that if all SSPs are considered, average electricity genera
tion is expected to increase to 334.11 EJ by 2100. Furthermore, all SSPs
project an increase in electricity generation in comparison with the 2010
levels, but the magnitudes of these increases vary (Fig. 6). Under the
fossil-fueled rapid growth scenario (SSP5), electricity generation will
peak at 482.67 EJ in 2100, a 5.24-fold increase over the base year.
Following that is the future world characterized by inequality (SSP4)
and business-as-usual development (SSP2), with electricity generation
reaching 320.44 EJ and 318.51 EJ in 2100, respectively. However,
under the regional rivalry (SSP3) and sustainability scenarios (SSP1),
the increase of electricity generation is low. Especially under the SSP1
scenario, the increase tends to moderate after 2075.
Water withdrawal of electricity generation in 2100 ranged from
347 km3 (SSP1) to 1263 km3 (SSP5). In the SSP1 scenario, advance
ments in water withdrawal technology mitigate the increasing trend of
water withdrawal for electricity generation, with water withdrawal for
electricity generation declining from 2010 to 2100. Furthermore, by
comparing generation withdrawals under two scenarios with no and
maximum water use efficiency improvements, Bijl et al. (2016) found
that improving water use efficiency can reduce water withdrawal by
40%. In addition, a study by Graham et al. (2018) showed that, in the
same scenario, technological advancements would significantly reduce
water withdrawal. However, for the SSP5 scenario, although the
improvement of WUE restrains the increase in water withdrawal, it re
mains the largest due to the rapid growth of GDP and power generation.

Table 2
Model predictions of food yield change.
Forecast type

n

Mean

95% CI

Food yield change
2020 s
2050 s
2080 s

746
203
354
189

-1.82%
-0.27%
-2.28%
-2.62%

-0.81% to −
1.33% to −
-0.76% to −
-0.42% to −

2.83%
1.88%
3.80%
4.82%
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Fig. 4. Boxplots of yield change in 2020s (a), 2050s (b) and 2080s (c). The colored box in the figure indicates the center 50% of the group data distribution interval,
the middle line is the median, and the upper and lower ends of the box are the upper and lower quartiles. The upper and lower whiskers are the maximum and
minimum values after removing all outliers. ■ in the figure indicates the mean value.
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Based on the mixed-effects model with limited data sets, we found
that the negative effects of warming on grain yield could be compen
sated for by increasing CO2 concentration and precipitation. Precipita
tion is the main environmental factor affecting crop production. For
every 1% increase in precipitation, grain yield will increase by 0.12%.
Certainly, heavy rainfall can cause disasters such as floods and land
slides, which may hamper food yields. Temperature is negatively
correlated with grain yield. Under a high-temperature environment, the
growth period of crops is shorter, and the quality and yield of crops are
decreased. For every 1 ℃ increase in average temperature, grain yield
will decrease by 1.60%. Carbon dioxide has a positive impact on crop
yields. Carbon dioxide can increase crop yield by enhancing photosyn
thesis and decreasing stomatal conductance (Deryng et al., 2016).
Although carbon dioxide will increase crop yield to some extent, in this
study, it is simulated that every 1 ppm increase in CO2 concentration
will increase grain yield by 0.01%. It should also be mentioned that
when the carbon dioxide concentration exceeds a certain critical value,
it no longer benefits crop growth, and if the temperature keeps climbing,
food yield will decrease (Challinor et al., 2014).
In addition to the above-mentioned climate parameters influencing
food yield, various research models, study areas, climate scenarios and
crop types all affect the degree of yield change (Table 5). The variance in
random effects research models, study areas and climate scenarios were
560.84, 180.12 and 12.27, respectively, with statistical significance
(P < 0.001). Crop models and study areas are the main sources of un
certainty about the impact of climate change on crop yield. The selection
of crop models by scholars is diverse. DSSAT, AquaCrop and other
complex models are widely used. Different model principles or param
eter settings in crop models will lead to inconsistent results. For the
study areas, the study shows that climate change (increasing tempera
tures or decreasing precipitation) will have a greater negative influence
on crop yields in arid or semi-arid regions than in other regions (Babel
and Turyatunga, 2015). Poor countries that are less resilient to climate
change also face larger food security challenges.
Under climate change, crop irrigation water will increase by 13.10%
compared to the baseline scenario. This indicates that climate change
has a significant impact on global irrigation water requirements. Crop
irrigation water is proportional to temperature increase. Higher tem
peratures will increase irrigation water by increasing crop photorespi
ration and reducing water use efficiency. For every 1 ℃ increase in
temperature, irrigation water will increase by 9.77%. Furthermore, the
decrease in precipitation will directly lead to an increase in irrigation
water (Winter et al., 2017). It is predicted that for every 1% decrease in
precipitation in the future, irrigation water use will increase by 0.28%.
The variability of water for food production between different models
and RCP scenarios is large, but the variability between study areas is
small (Table 6).

Fig. 5. Boxplots of the changes in irrigation water for food production in
2020s, 2050s and 2080s. The colored box in the figure indicates the center 50%
of the group data distribution interval, the middle line is the median, and the
upper and lower ends of the box are the upper and lower quartiles. The upper
and lower whiskers are the maximum and minimum values after removing
all outliers.

The power generation of SSP4 and SSP2 scenarios is similar. Neverthe
less, due to the high reliance of SSP4 power generation on renewable
energy, the water withdrawal of SSP4 (627 km3) is expected to be lower
than SSP2 (763 km3). SSP3 is considered to be a world of slow techno
logical progress, with water withdrawal reaching 724 km3 by 2100.
Overall, the results of electricity generation and water withdrawal re
sults are consistent with the SSPs narrative.
3.4. Regression analysis
In addition to the water efficiency discussed in the previous section,
the rate of economic and social development has a significant impact on
electricity generation and water withdrawal. Based on the mixed effect
model, this study constructed regression models of power generation
and water withdrawal with economic and social development factors
(population, GDP), future scenarios, method models, etc. (Tables 3 and
4). Power generation and water withdrawal are positively correlated
with population and GDP growth (P < 0.001). Electricity generation and
water withdrawal will increase by 0.02 EJ and 0.11 km3, respectively,
for every million-population increase. When GDP increases by 1 trillion
US$/2005, electricity generation and water withdrawal will increase by
0.41 EJ and 1.21 km3 respectively. It has been discovered that both have
a clear driving effect.
Previous studies have used various methodological models to set up a
variety of potential future scenarios to predict global electricity gener
ation and water withdrawal. Our simulation results show that there are
significant differences in generation capacity and water withdrawal
between different SSPs scenarios and models. The differences caused by
SSPs scenarios are mainly affected by the speed of future social devel
opment and relevant policies. For example, in the SSP1 scenario, the
focus of global economic growth shifts to human well-being, consump
tion is oriented towards low energy intensity, the increase in global
electricity generation is effectively alleviated, and water withdrawal
decreases. In contrast to the SSP3 scenario, consumption at this stage
tends to be resource-intensive, and water efficiency improvement is a
low priority. This successfully explains why the SSP3 and SSP1 scenarios
have similar electricity generation in 2100, but double the amount of
water withdrawal. Energy forecasting models such as GCAM and AIM/
CGE are widely used. The characteristics of the model drive the diversity
in results. To be specific, GCAM is distinguished by its comprehensive
ness, especially the detailed descriptions of the agricultural and land-use
sectors, whereas AlM/CGE is characterized by its full consideration of
the interaction among production factors.

4. Discussion
4.1. Challenges of water, food, and energy security
Climate change, economic and social pressures on WEFN are com
pounding. Food production is often constrained by climate change,
natural disasters, soil and water. According to the IPCC (2007), the
impact of climate change on food production will worsen in the coming
decades. Our study also found that food yield is declining as a result of
climate change. At the demand level, population increase, urbanization,
changes in dietary structure and consumption levels can all contribute to
food insecurity. Ortiz-Bobea et al. (2021) even cautioned that food
supply would face unprecedented strain as the world’s population rea
ches 10 billion by 2050 and food demand approaches the limitations of
modern agricultural development. According to Tian et al. (2021), the
food gap will increase to 1.26 billion tons in 2050, making it challenging
to achieve the balance between global food supply and demand.
Therefore, strategies to reduce food demand and adapt to climate
7
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Fig. 6. Global (a) GDP (Trillion US$/2005) (Dellink et al., 2017), (b) population (Million) (Samir and Lutz, 2017), (c) electricity generation (EJ) and (d) water
withdrawal (km3) under the SSPs.

change are urgently needed.
We also need to recognize that food is both water - and energyintensive. Agricultural irrigation accounts for approximately 70% of
global human freshwater consumption (Hoekstra and Mekonnen, 2012).
Farm machinery and irrigation consume energy in the food production
process. Statistics show that irrigation accounts for 23–48% of the en
ergy consumption from agriculture (Singh et al., 2002). Shortages of
energy and water in production will also limit food production.
There is also a supply-demand imbalance in the energy system. Ac
cording to our findings, electricity generation will increase. However,
due to population and economic expansion, energy demand will in
crease by 50% in 2030 (Marien, 2013). Energy production will be unable

to keep pace with population growth, leaving about 3 billion people
without access to safe and reliable energy. Furthermore, water scarcity
will jeopardize global energy security. Especially in electricity produc
tion, water withdrawal for electricity generation accounts for 88% of
that from the energy industry (OECD, 2016). Aside from the water
withdrawal of thermal power generation, uranium mining and pro
cessing, steam cooling and other links in nuclear power production all
consume a significant quantity of water. With the rapid increase in food
and energy demand, competition for limited water resources will
intensify, and the unpredictability of water supply will become the
primary risk source of energy production. It is necessary to adjust the
energy structure and reduce the water demand.
8
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Table 3
The estimated meta-regression coefficient values for energy generation.

Table 6
The estimated meta-regression coefficient values of water use for food yield.

Fixed effect
Variable
Population
GDP
Intercept
Random effect
SSP scenarios
Models
Residual
R2

Fixed effect
Coefficient
0.02237
0.40787
105.43201

t value
6.197
26.230
-2.878

P-value
1.27e-07 ***
< 2e-16 ***
0.00699**

Variance
866.3
236.6
500.6
0.95

Standard deviation
29.43
15.38
22.37

P-value
4.022e-07 ***
0.02786*

Variable
ΔP
ΔTav
Intercept
Random effect
Models
Study areas
RCP scenarios
Year
Residual
R2

*Note: When the original hypothesis is true, P-value is the probability that a
consequence more extreme than the obtained sample observation will occur.
The smaller the P-value, the more significant the outcome. Significant codes:
P < 0.001 ‘* ** ’, P < 0.01 ‘* *’, P < 0.05 ‘* ’, P < 0.1 ‘⋅’

SSP scenarios
Models
Year
Residual
R2

t value
4.026
6.218
-2.155

P-value
0.000223***
1.03e-07 ***
0.038888a

Variance
4816
22,465
69,401
19,091
0.90

Standard deviation
69.4
149.9
263.4
138.2

P-value
0.0136036a
7.913e-08***
0.0009251***

Table 5
The estimated meta-regression coefficient values of food yield.
Fixed effect

Models
Study areas
Crop species
RCP scenarios
Residual
R2

t value
4.218
-3.165
1.891
0.690

P-value
3.06e-05 ***
0.00167**
0.05991 ⋅
0.50296

Variance
180.12
560.84
71.52
12.27
127.95
0.87

Standard deviation
13.421
23.682
8.457
3.503
11.312

P-value
< 2.2e-16 ***
< 2.2e-16 ***
0.003694**
3.063e-15 ***

Standard deviation
13.958
34.626
10.301
9.668
14.663

P-value
0.01839a
0.27178
0.08454 ⋅
0.16318

Climate change, economic and social development pose greater
challenges to WEFN. Developing adaptation strategies and new tech
nological breakthroughs are the way forward for WEFN (Fig. 7). The
way forward for the WEFN is to develop adaptation strategies and new
technologies. First, the application of efficient technologies can help to
reduce the negative impacts of climate change and economic society on
water, energy and food. Drought-resistant crops, no-till crops, watersaving irrigation technologies, and the development of sustainable en
ergy can cut energy and water usage while increasing yields. Further
more, altering the planting period and selecting the correct crop types
can help to mitigate the effects of climate change. Early seeding, for
example, resulted in stronger root development and less stress from heat
and drought in some locations (Kirkegaard et al., 2014; Zeleke, 2021).
In addition to agriculture, technical advancements are critical for the
generation of power and the usage of water. Especially under the con
dition of water scarcity, promoting water-saving and recycling tech
nology, as well as striving for zero wastewater discharge, will reduce
water consumption in the energy production process, alleviate the
competition degree between food and energy for water, and reduce the
environmental impact. Certainly, we must not only enhance water ef
ficiency, but also accelerate the replacement of fossil fuels at the source.
To achieve structural transformation of the electricity industry, the
principles of safety, cleanliness, and efficiency must be followed. How
ever, fossil fuels, especially coal, will continue to dominate electricity
production in the short term. This will eventually result in tremendous
carbon dioxide emissions. Carbon capture and storage (CCS) could
alleviate the problem. The International Energy Agency said CCS con
tributes 14% of the global decrease in CO2 emissions (Bui et al., 2018).
Therefore, "green coal power" technologies based on CCS and integrated
gasification combined cycle (IGCC) will play a key role in the gradual
transition of the energy mix to renewables.
Not only new technologies, but also adaptation strategies, are
required to deal with the changing environment and assure WEFN se
curity. In particular, there is a dynamic relationship between water,
energy and food. The behavior of one system frequently has an effect on
one or both other systems. For example, biomass fuels, while relieving
energy pressures, will compete with food for available farmland and
irrigation water, which may threaten food security. Large-scale bio
energy production must be built on the synergy of food and energy se
curity policy (Scott et al., 2015). Therefore, we need to start by

Note: When the original hypothesis is true, P-value is the probability that a
consequence more extreme than the obtained sample observation will occur.
The smaller the P-value, the more significant the outcome. Significant codes:
P < 0.001 ‘* ** ’, P < 0.01 ‘* *’, P < 0.05 ‘* ’, P < 0.1 ‘⋅’

Coefficient
0.121732
-1.602504
0.013399
7.973835

Variance
194.82
1198.98
106.11
93.47
215.00
0.89

4.2. A way forward for water-energy-food nexus: adaptation strategies
and technologies

a

Variable
ΔP
ΔTav
CO2
Intercept
Random effect

P-value
0.21978
0.00117**
0.58651

particularly the water resource risk at its core, provide significant un
certainty to the future security of WEFN. Scholars and policymakers
should think about how to balance the nexus relationship.

Fixed effect
Coefficient
0.10794
1.21455
-698.76832

t value
-1.241
3.541
-0.593

a
Note: When the original hypothesis is true, P-value is the probability that a
consequence more extreme than the obtained sample observation will occur.
The smaller the P-value, the more significant the outcome. Significant codes:
P < 0.001 ‘* ** ’, P < 0.01 ‘* *’, P < 0.05 ‘* ’, P < 0.1 ‘⋅’

Table 4
The estimated meta-regression coefficient values of water withdrawal for energy
generation.
Variable
Population
GDP
Intercept
Random effect

Coefficient
-0.2751
9.7677
-12.4411

*Note: When the original hypothesis is true, P-value is the probability that a
consequence more extreme than the obtained sample observation will occur.
The smaller the P-value, the more significant the outcome. Significant codes:
P < 0.001 ‘* ** ’, P < 0.01 ‘* *’, P < 0.05 ‘* ’, P < 0.1 ‘⋅’

Water is a key constraint to food and energy production. Population
increase, urbanization, and economic development will alter the orig
inal demand pattern for water supplies. The underlying difficulty is not
merely fluctuations in water demand. Climate change’s influence on
water resources will be superimposed on population growth, urbaniza
tion and globalization (Falkenmark, 2013). Extreme weather and un
predictable precipitation intensity will exacerbate the insecurity and
vulnerability of water resources.
Taken together, the relevance and complexity of the nexus,
9
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Fig. 7. Challenges and adaptation framework for WEFN.

recognizing the interdependence of water, energy, and food, and then
weigh and coordinate appropriate responses to a changing environment.
Secondly, inter-sector and stakeholder synergies should be brought into
play (Rasul and Sharma, 2016). In order to attain single sector (agri
cultural sector, energy sector or water sector) goals, current policy
making frequently disregards inter-departmental cooperation. The
resource risks and challenges posed by environmental, economic, and
social development, on the other hand, demonstrate that management of
a single sector leads to the separation of regulatory measures. Further
more, the concept of resource management centered on a single sector
makes it impossible to achieve sustainable goals. As a result, the
nexus-based collaborative management theory is critical for improving
the present single system management mode and adequately protecting
and managing the security of multi-resource nexus systems. To maxi
mize mutual advantages, policymakers should strengthen synergies
across the water, energy, and food sectors, as well as establish
comprehensive multi-sectoral adaptation strategies.

changing environment, identified the main driving forces, and proposed
adaptation strategies for future climate change and socio-economic
development.
The meta-analysis method was applied to comprehensively analyze
existing research results in this study, which can significantly increase
the universality and reliability of research results. However, we accept
that there is still some uncertainty in forecasts. This is due to two factors.
One is due to data collection restrictions. For example, not all regions of
the world have access to the food production data predicted by aca
demics. Furthermore, our data only included peer-reviewed articles
before the retrieval period, and additional studies produced by experts
may be published in the future. Even though a new study may not
significantly alter the conclusions, it can further complement the exist
ing statistics. Gray literature such as reports or books are also useful to
support our findings, but were not included due to data collecting lim
itations. Therefore, we suggest that subsequent studies can continue to
enrich and complement our foundation. Relevant publications, or peerreviewed articles published in languages other than English, can also be
included in subsequent studies.
Another source of uncertainty is the disparity between models and
data sources that predict production and water withdrawal. Food and
energy production projections, as well as water withdrawal forecasts, all
depend on future climate change, economic and population estimates.
For the prediction of food yield under climate change, many studies
have used multiple GCM climate models based on Coupled Model
Intercomparison Project Phase 5 (CMIP5) (Taylor et al., 2012). Other

4.3. Uncertainty and consistency in projections
Due to uncertainties in climate scenarios, social development sce
narios, scenario setting, model selection, parameter setting and other
aspects, the reliability of studies on the impact of climate change and
socio-economic development on WEFN will be greatly affected by spe
cific objects and regions. The meta-analysis of this study quantified the
trends of food and energy production, as well as water withdrawal, in a
10
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studies have opted for individual climate models. Different choices may
lead to different results. Furthermore, multiple climate scenarios such as
IPCC SRES and RCPs are widely used. Although multiple climate change
scenarios can be mapped to RCP scenarios, changes in input data may
still cause findings to deviate. Similarly, energy predictions for SSPs
scenarios are inevitably influenced by data sources. For example, many
studies use projections from the World Bank or the OECD, while some
scholars prefer to use their own calculated demographic projections. The
results of all of these data will be biased in different ways.
Despite these limitations, as Challinor et al. (2007) asserted, it is
extremely challenging to directly compare the impacts of climate
change, social, economic, and other factors on agricultural and other
industries. Although the data are limited, the results are valid for the
geographic area covered. Furthermore, since high-quality quantitative
studies are primarily published in peer-reviewed journals, the inclusion
of reports or other language studies may not dramatically alter the
conclusions of this study. Therefore, the conclusion based on the existing
research results has certain credibility. However, more accurate and
comprehensive research on WEFN projections in changing environments
is still needed in the future.

the work reported in this paper.
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