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ABSTRACT: Agricultural production, processing and distribution in developing countries are energy-intensive, so
the composition of the electricity generation portfolio is a plausible determinant of both food prices and physical
supply security. The existing evidence, however, represents energy through aggregated indicators, analyses price and
supply security separately, and assumes linearity, leaving open which generation technologies matter and under
what conditions. This study therefore estimates six technologies—nuclear, geothermal, hydropower, solar, wind and
biomass—jointly against both food outcomes within one nonlinear panel framework. The dataset combines IEA,
IRENA, FAOSTAT and World Bank indicators for 82 developing economies over 2000-2023. Estimation uses Panel
Smooth Transition Regression (PSTR) with energy intensity as the transition variable, supported by dynamic panel
system-GMM and common correlated effects (CCE) estimators and by a compositional-data robustness specification
based on the centred log-ratio transformation. Linearity is rejected and a single energy-intensity threshold is estimated
at 0.436, with a transition speed of 7.84. Above that threshold, biomass generation is positively associated with
food prices (0.067) and negatively with supply security (-0.055), whereas the continuously dispatchable sources—
nuclear (-0.081) and geothermal (-0.094)—are negatively associated with price pressure and positively with supply
security. Solar and wind attain significance only in the high regime, and the hydropower relationship reverses sign
between low- and high-water-stress subsamples. Because the panel is observational and generation shares may be
jointly determined with food outcomes, the coefficients are interpreted throughout as regime-dependent conditional
relationships rather than causal effects. For policy, the findings imply that the generation portfolio should be planned
jointly with water resources, grid integration and rural electrification rather than steered by a single aggregated
renewable-energy target: biomass incentives warrant feedstock-origin conditionality, hydropower requires seasonal
allocation rules where water stress is high, and variable renewables deliver food-security value mainly when paired with
storage and irrigation-linked distribution.

KEYWORDS: Water-energy-food nexus; food prices; supply security; energy portfolio; panel smooth transition
regression; developing countries

1 Introduction

Food price volatility is not explained by agricultural production conditions alone. Energy costs, water
access, logistics infrastructure, climate shocks and global market fragility jointly determine both the level
and the stability of prices, and the resulting instability carries political as well as economic weight: rising
price levels, more than price volatility as such, have been linked to social unrest across a broad international
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sample [1]. Feeding a population approaching nine billion is achievable only if yield, resource efficiency
and supply-chain performance are addressed together [2,3], and climate change compounds the difficulty
by pressing on food security through production and prices simultaneously, with the sharpest exposure in
developing regions [4-6]. Because agricultural processes in these regions—irrigation, fertilisation, transport,
cold chain, drying and processing—are energy-intensive, the composition of the energy system is not a
peripheral input to food policy but one of its determinants.

Three research programmes have addressed parts of this problem, and reading them together makes
clear both what is settled and what is not. The first, on the drivers of the 2007-2008 and 2010-2011 price spikes,
converged on a common structure while disagreeing about weights: demand growth, biofuel expansion,
dollar depreciation and energy costs were all implicated [7], with individual studies assigning primacy
variously to biofuel expansion [8], to the tightening link between energy and non-energy commodity prices
together with commodity financialisation [9], to index-based investor demand [10], or to the combination
of oil prices, exchange rates and biofuel demand over financial speculation [11]. Tadesse et al. [12] reconciled
much of this disagreement by separating slow-moving structural drivers from short-term triggers, and
Wright [13] added the role of depleted grain stocks. What this programme establishes is that energy costs
transmit to food markets through input prices. What it does not establish is which energy technologies do

so, because energy enters these models almost exclusively as crude oil or as a single biofuel indicator.

The second programme examines the energy—food relationship directly, under the heading of food-fuel
competition, and here the disagreement is about stability rather than existence. Biofuel demand raised grain
prices materially in the United States [14]; transmission among biofuel, energy and food prices strengthened
after 2007 but was not unidirectional [15]; no long-run stable relationship between fuel and agricultural
commodity prices is detectable in some specifications, only short-run and transitory links [16]; and the
measured effect is real but sensitive to modelling assumptions about how biofuels enter [17]. Work on the
land-use channel documents the carbon debt and indirect land-use change generated when food-purposed
land shifts to fuel [18-20]. The unresolved question is therefore not whether biomass competes with food but
under what conditions it does—and, equally, what the other five generation technologies do, since they are
largely absent from this programme.

The third programme, the water-energy-food (WEF) nexus, supplies the theoretical structure the first
two lack. Systematised by Hoft [21] and extended toward integrated modelling by Bazilian et al. [22], it
treats water as a shared constraint on both energy and agriculture, energy as an input to irrigation, storage,
processing and distribution, and food as an output shaped by the energy system through land, water and
biomass use. These interdependencies have been mapped globally [23], traced under climate variability in
southern Africa [24], and connected to rural livelihoods [25] and climate adaptation [26]. More recent
quantitative applications have measured coupling and coordination across WEF subsystems at sub-national
scale [27], assessed how implemented policies shift state-level WEF security [28], extended coupling-
coordination assessment to the global level [29,30], and rebuilt WEF composite indices around availability,
accessibility and governance [31]. Yet the methodological reviews of this literature reach a consistent verdict:
the framework is conceptually strong but empirically thin, dominated by qualitative and case-based work,
with few studies measuring cross-sectoral linkages in a way that translates into policy design [32-35].

Read together, these three programmes leave three specific limitations rather than a single gap. First,
energy is represented by aggregated indicators. Even careful panel work such as Nazlioglu and Soytas [36],
which shows that oil price shocks raise agricultural commodity prices in the long run across twenty-
four commodities, cannot separate the cost, resource-competition and infrastructure channels through
which different technologies operate, because energy enters as a single series. Second, price and physical
supply security are analysed apart. Reboredo [37] shows that oil-food co-movement is generally weak but
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strengthens late in the sample, establishing non-stationarity in the price relationship; the nexus literature,
meanwhile, emphasises interdependence but assesses it descriptively [23,33]. The structural policy tension
between holding prices down and keeping physical supply continuous is therefore rarely visible within one
estimation. Third, linearity is assumed. Nazlioglu and Soytas [36] rest on linear panel cointegration and
Reboredo [37] on a single-regime dependence structure, yet the substantive findings of the same literature—
transitory links in some periods [16], transmission that strengthens at high production levels [15]—point
directly to regime dependence.

This study addresses those three limitations jointly. It estimates six generation technologies as separate
regressors within one panel; it models the food price index and a composite supply-security index within
the same framework; and it allows coefficients to vary smoothly across regimes defined by energy intensity,
using Panel Smooth Transition Regression. The claim to novelty should be stated carefully. Source-specific
energy—food linkages are not new: the biomass—price relationship is among the most studied in agricultural
economics, and hydropower’s dependence on water availability is well documented. What has not been done,
to our knowledge, is to place all six sources in a common nonlinear panel specification, evaluate them against
price and supply security simultaneously, and report the threshold conditions under which each relationship
changes sign or significance. The contribution is therefore integrative and methodological rather than a first
demonstration of any single linkage.

Two further design choices follow from properties of the data rather than from estimation convenience.
Because generation shares are ratios of a common total, they form compositional data [38], so the fossil-
fuel share is treated as the excluded base category and the main results are re-estimated under a centred
log-ratio transformation. Because shares may be jointly determined with food outcomes, the PSTR estimates
are accompanied by dynamic panel system-GMM [39-41] and by the common correlated effects estimator,
which absorbs cross-sectional dependence [42,43]. Neither strategy delivers causal identification from
observational panel data, and the coefficients are described throughout as conditional relationships.

The remainder of the paper is organised as follows. Section 2 sets out the WEF framework, the source-
specific mechanisms, and the position of this study relative to prior empirical work. Section 3 describes
the data, the construction of the supply-security index, the rationale for choosing PSTR over compet-
ing nonlinear panel estimators, the model, and the identification strategy. Section 4 reports preliminary
panel diagnostics, descriptive statistics, linearity tests and the estimation results. Section 5 discusses the
findings against previous empirical evidence. Section 6 concludes with differentiated policy implications
and limitations.

2 Theoretical Framework
2.1 The Water-Energy-Food Nexus

The WEF approach treats water, energy and food not as independent policy domains but as an
integrated system governed by interdependence and shared resource constraints. Energy generation depends
on water, agricultural production depends on energy, and food supply depends on both water and energy
infrastructure; a policy choice in one sector therefore produces cost, capacity and fragility effects in the
others. Reviewing water and energy subsidies gradually can reduce cross-sectoral waste [44], and integrated
modelling that treats the three sectors through common variables makes such trade-offs visible [22]. Whether
efficiency gains actually materialise, however, depends on institutional design: quantitative nexus tools

translate into policy only when combined with qualitative and institutional analysis [33,34]. Poorly managed,
the same gains can deepen resource competition and open new fragility channels. Recent work extends the
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framework in two directions that matter here: towards the interaction between nexus outcomes and clean-
energy deployment [45,46], and towards a systematisation of how external shocks propagate across the three
subsystems [47]. Fig. 1 sets out the conceptual framework used here as a directed multi-channel transmission
structure running from the energy portfolio, through three WEF channels, to two food outcomes, with the
transition variable acting as a regime moderator on every channel.

ENERGY PRODUCTION PORTFOLIO WEF TRANSMISSION CHANNELS FOOD MARKET OUTCOMES

SHARED WATER CONSTRAINT (WEF nexus)

- J
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Figure 1: Multi-channel, regime-dependent transmission from the energy production portfolio to food prices and
supply security within the water-energy-food nexus. Note: Blue solid arrows denote the cost and access effect, red
solid arrows the resource-competition effect, and purple dashed arrows the moderating role of the regime variable;
the dashed red arrow from hydropower marks a channel that becomes active only under water stress. Generation is
measured as a share of total electricity generation, with the fossil-fuel share as the excluded base category.

As Fig. 1 shows, energy generation reaches food prices not only through electricity tariffs but through
irrigation costs, fertiliser production, crop processing, storage, the cold chain and transport. Sources
that draw on land, water and agricultural feedstock—biomass above all—additionally open a channel
that competes with food supply once production reaches a certain scale. The empirical record on that
channel is mixed in an informative way: strong transmission at high production levels [15], documented
environmental and economic costs of producing fuel rather than food [20], but no stable long-run link
in other specifications [16]. Mixed findings of this shape are what one expects when a relationship is
threshold-dependent rather than linear, and they motivate the estimation strategy adopted below.

These interactions are not purely technical. The nexus also functions as a governance framework
covering cross-sectoral coordination and institutional capacity [26,34], and climate variability and water
stress tighten the dependencies further, making coordinated management of the three systems more
difficult [5,24].

2.2 WEF Mechanisms by Energy Source

Three mechanisms link energy sources to food markets. The cost channel captures the capacity of
low and predictable energy costs to reduce food-price pressure by limiting irrigation, storage, processing
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and logistics expenses. The resource-competition channel captures the intensification of food-fuel com-
petition as the use of agricultural products, land and water rises—most directly in biomass production.
The infrastructure-and-flexibility channel captures the fact that variable sources such as wind and solar
reach food markets favourably only when grid flexibility, storage capacity and agricultural electrification
are adequate. Recent panel evidence is consistent with this conditionality: renewable-energy expansion
combined with green growth is associated with improved food security in Sub-Saharan Africa [48], while
source-level evidence indicates that solar and wind reach food availability and food stability through different
channels and with different reliability [49].

The nexus literature has approached these channels from complementary angles. Integrated resource
management is presented as a climate-adaptation option [26]; scenario-based decision-support tools help
plan the interactions [50]; and governance-oriented reviews find that the framework offers a strong analytical
basis for resource security but leaves gaps in incentive design, since low irrigation and energy pricing can
erode resource-use efficiency and ultimately food security [51]. Table I summarises the resulting expectations
by source and makes clear why a one-dimensional renewable-energy indicator is theoretically inadequate:
the same transition raises costs and competition for some sources while lowering them for others.

Table 1: WEF channels of energy sources and their expected effects on food markets.

Energy Source Primary WEF Channel

Expected Effect on Food
Prices

Expected Effect on
Supply Security

Continuous base load,
low marginal electricity

Negative, or limiting of

Positive; supports

Nuclear . e storage and irrigation
cost, cold-chain price increases o
.. continuity
continuity
Low-carbon generation, e L .
variable suop] Negative if integration is Moderately positive;
Wind 1. PPY> high; weak or unstable if strengthened by
grid-integration .
. low storage investment
requirement
Rural electrification, . . ,
. Negative where Positive, especially
irrigation pumps, . e o
Solar _ i agricultural electrification  through irrigation and
daytime generation .
exists smallholder access
advantage
Continuous generation, Negative; reduces Strongly positive;
Geothermal greenhouse heating, production and processing ~ supports year-round
drying and processing costs production
Water storage, irrigation Negative in the normal e
. . . . Positive if water stress
Hydropower linkage, drought regime; positive or volatile . e
. is low, fragile if high
sensitivity under drought
Use of agricultural crops Positive beyond a Neutral to positive at
Biomass and residues, land and threshold; may create low scale, negative at

water competition

food-fuel competition

high scale
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Nuclear and geothermal generation, through continuous output and low marginal costs, are expected
to limit food prices and support supply security. Variable sources emerge conditionally, depending on grid
flexibility and agricultural electrification capacity. For hydropower, water stress is the critical determinant.
For biomass, the expectation is explicitly nonlinear: benign or neutral at low scale, price-raising and supply-
eroding beyond a threshold.

2.3 Positioning Relative to Prior Empirical Work

Because several of the individual linkages studied here have been examined before, it is worth stating
precisely what the present design adds and what it inherits. Table 2 compares this study with representative
prior work along the three dimensions that define the contribution: how energy is measured, which food
outcomes are modelled, and whether nonlinearity is tested. Recent panel work on clean-energy access and
food security shares the first two of these limitations, entering energy as a composite access indicator in a
linear dynamic-panel setting [52].

Table 2: Positioning of this study relative to representative prior empirical work.

Energy Food Functional

Study Measurement Outcome(s) Form Relation to This Study
A iofuel Establish th
Mitchell [8]; ggregat.e bio e , Descriptive/ stablish the cost
. expansion; oil Price level . channel; cannot separate
Abbott et al. [7] . accounting .
price technologies
Pri f 24 Benchmark for th
Nazlioglu and Oil price rl?es © Linear panel enchmark for the
. , , agricultural . . aggregate energy-food
Soytas [36] (single series) .\ cointegration o
commodities elasticity
. . Documents
Food price Single-regime non-stationar
Reboredo [37] Oil price P dependence Y
co-movement (copula) dependence; motivates
P regime testing
. Time-series, Closest antecedent for
Serra and Biofuel and energy . , .
. - . Food prices nonlinear threshold behaviour;
Zilberman [15] prices o )
transmission biofuel only
Aericultural Cointegration; Negative evidence that a
Zhang et al. [16] Fuel prices ghicy . short-run links  threshold reading can
commodity prices .
only reconcile
D’Odorico et al. [23];  Physical WEF Multiple, Descriptive Supply the theoretical
Albrecht et al. [33] flows qualitative mapping channel structure
Coupling— Quantify nexus

Mondal et al. [27,28]; Composite WEF Composite

o . coordination  interdependence without
Yan et al. [29 security indices  security scores

indices price modelling

(Continued)
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Table 2 (continued)

Ener Food Functional ) .
Study Measurei};ent Outcome(s) Form Relation to This Study
PSTR with
Six generation Price index and regime Integrates the above
This study shares, estimated ~ supply-security thresholds; within one nonlinear
jointly index, jointly GMM and CCE  panel specification
robustness

Two implications follow. The first is that the disagreements visible in Table 2—significant transmission
in some studies, none in others—are partly a functional-form artefact: a relationship that operates only above
a threshold will appear weak in a linear average and strong in a subsample drawn from the upper regime. The
second is that the present design cannot resolve questions of causal direction any better than its antecedents
can; it improves resolution across sources and regimes, not identification.

3 Method
3.1 Data, Sample and Variable Construction
3.1.1 Panel Structure and Data Processing

The analysis uses a partially unbalanced panel of developing economies, the imbalance arising from
observability constraints in the source databases. Generation indicators are compiled from IEA and IRENA;
food price indices, production, supply and food-security indicators from FAOSTAT; and income, population
and macroeconomic controls from World Bank indicators [53-56]. Developing-economy status follows the
World Bank income classification (low, lower-middle and upper-middle income).

The final analytical sample comprises 82 developing economies. The complete country roster, with
World Bank income class, geographical region and country-specific number of usable observations, is
reported in Table Al of Appendix A. The maximum common observation window is 2000-2023, which gives
amaximum frame 0of 1968 country-year observations, while usable years vary from 18 to 24 because of source-
specific missingness. The transition-variable complete-case panel contains 1824 country-year observations.

Cross-country electricity-generation data for 2024 are not uniformly final across the source databases.
The IEA World Energy Balances extend to 2023 for the full country set, with 2024 available only for selected
economies; IRENA reports realised generation to 2023 and treats 2024 as provisional; and the World Bank
energy-intensity indicator has a shorter reference period than the other series. The baseline estimation
therefore covers 2000-2023. So that the transition variable extends to 2023, energy intensity is constructed
as total primary energy supply from the IEA divided by real GDP at 2021 purchasing-power parity from the
World Development Indicators, rather than taken directly from the World Bank composite indicator.

Data processing follows four rules, applied uniformly. Variables with a missing-observation rate above
15% are excluded from the baseline specification. Outlier influence is limited by winsorising at the 1st and
99th percentiles. Terminal-year coverage is verified variable by variable, and the estimations are repeated on
a2000-2022 sample as a sensitivity check, the outcome of which is reported with the other robustness results
in Section 4.7.

Fourth, because nuclear and geothermal generation are observed in a limited number of countries
and exhibit zero-clustering, regime coefficients for these sources may be identified from a restricted subset.
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Robustness estimates excluding nuclear generation, and estimates including an interaction with a nuclear-
adopter dummy, are therefore reported. Whether the sample loss is selective is assessed descriptively by
comparing the income, population and food-price distributions of retained and dropped country-years.

3.1.2 Dependent Variables and Energy Indicators

Table 3 gives the operational definitions and sources of the dependent variables and generation indi-
cators. Logarithmic transformation allows coeflicients to be read as approximate elasticities and reduces
scale-related comparison problems. Depending on the stationarity properties of the price series, annual
percentage change, log-difference and level specifications are compared.

Table 3: Operationalisation of variables and data sources: dependent and energy variables.

Variable Group

Indicator

Measurement

Source and Notes

Dependent variable

Food price index

Logarithmic index or
annual percentage
change

FAOSTAT; represents food
inflation and price pressure

FAOSTAT; captures physical

Food | C ite ind
Dependent variable o0 su.pp Y OmP ostte Hj eqx access to food and supply
security (see Section 3.1.3) .
stability
. . IEA/IRENA; continuous,
Nuclear Share in electricity
Core explanatory ) . low-carbon base-load
generation generation L.
indicator
hare in electrici IEA/TRENA;
Core explanatory Wind generation Sharein e eFtr1c1ty . /IREN .
generation variable-renewable generation
IEA/IRENA;

Core explanatory

Solar generation

Share in electricity
generation

rural-electrification and
irrigation channel

IEA/IRENA; greenhouse,

Geothermal Share in electricity and drying and
Core explanatory . . . .
generation heat generation continuous-generation
channel
Hydropower Share in electricity IEA/IRENA; water regime and
Core explanatory . . T
generation generation irrigation linkage
Biomass Share in electricity and IEA/IRENA; food-fuel
Core explanatory . _ »
generation heat generation competition channel

3.1.3 Construction of the Food Supply Security Index

The composite Food Supply Security Index (FSSI) is built from three FAO food-security compo-
nents: per-capita dietary energy supply adequacy, supply variability, and food import dependence [57,58];
the resulting availability-stability—access structure follows recent composite-index practice in the nexus
literature [31]. Construction proceeds in four steps. First, import dependence and supply variability are
sign-reversed so that higher values of every component denote greater security. Second, each component is
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standardised as a z-score over the pooled country-year sample, so that weights are not driven by differences
in units. Third, the standardised components are aggregated by principal component analysis, retaining the
first principal component; the equal-weight average is retained as an alternative aggregation and reported as
a robustness check. Fourth, the resulting score is rescaled to a 0-100 range for interpretability.

Principal component analysis is adopted as the primary aggregation rule because it lets the data
determine the relative contribution of the three components rather than imposing equality on dimensions
with different variances. The two rules are reported side by side so that readers can judge sensitivity to
this choice.

The first principal component loads positively on all three inputs: dietary energy supply adequacy
(0.850), reversed supply variability (0.810) and reversed food-import dependence (0.780). Its eigenvalue is
1.99 and it explains 66.2% of total variance. The Kaiser-Meyer-Olkin measure is 0.710, which indicates
acceptable sampling adequacy for a three-indicator index. The PCA-based index correlates at 0.982 with the
equal-weight version, and the PCA is estimated on 1876 country-year observations. The close agreement
between the two aggregation rules indicates that the supply-security results are not driven by a single
weighting choice. Table 4 reports the full diagnostics.

Table 4: Principal component analysis diagnostics for the food supply security index.

Statistic Result

Loading: dietary energy supply adequacy 0.850
Loading: reversed supply variability 0.810
Loading: reversed food-import dependence 0.780
Eigenvalue of the first principal component 1.99
Variance explained by the first principal component 66.2%
Kaiser—-Meyer-Olkin measure of sampling adequacy 0.710
Correlation with the equal-weight index 0.982
Country-year observations used 1876

As a further check on reproducibility, the three components are additionally entered as separate depen-
dent variables, so that the reported supply-security relationships can be traced to individual components
rather than resting on the composite alone.

3.1.4 Compositional Structure of the Energy Variables

Generation shares are ratios within a common total and are therefore compositional: they are
non-negative, bounded and sum to unity, so the six shares cannot vary independently [38]. Two conse-
quences follow. First, a specification containing all shares plus an intercept is not identified unless one
category is excluded; the fossil-fuel share is therefore treated as the omitted base, and every coefficient
is read as the relationship associated with substituting that source for fossil generation at constant total
output. Second, coefficients from untransformed shares can be distorted by the induced negative dependence
among components.

The baseline model retains untransformed shares because they are directly interpretable in policy
terms—a percentage point of the generation mix is a quantity that policy can target—but the compositional
concern is addressed rather than assumed away. The main specifications are re-estimated with centred log-
ratio (CLR) transformed shares [59], replacing zero shares with 0.01 percentage points to accommodate
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the zero observations that arise for nuclear and geothermal generation. Sensitivity checks using 0.001 and
0.05 percentage points are reported alongside the main transformation, and results appear in Section 4.7.
Multicollinearity from the simultaneous use of six sources is monitored using variance inflation factors
alongside a 0.70 absolute correlation threshold.

3.1.5 Control Variables

Control variables are selected from the transmission structure in Fig. 1 rather than by data mining,
and each corresponds to a channel that would otherwise be omitted. Agricultural production controls for
domestic supply conditions that move prices independently of energy. Population controls for demand scale.
Food import dependence controls for exposure to world prices and exchange-rate pass-through, which is
the principal non-energy route from global markets into domestic food prices. Fertiliser and energy-cost
indicators control for the input-price level, ensuring that the generation-share coeflicients are not simply
absorbing general energy-cost movements. Per-capita income enters both as a control and, in the robustness
specifications, as an alternative transition variable. Table 5 reports operationalisation together with the
theoretical role of each variable.

Table 5: Operationalisation of transition and control variables, with theoretical role.

Variable Group Indicator Measurement Theoretical Role and Source
.. _ Proxies the efficiency and
Transition . . Energy use per unit . .
. Energy intensity . electrification threshold of the
variable of economic output ) ,
energy system; determines regime
" . Tests whether regime separation
Transition Log per-capita

Per-capita income reflects development level rather

income
than energy structure

variable (alt.)

Withdrawals as a

Transition
share of renewable

. Source-specific transition variable
Water-stress index

variable (alt.) for hydropower
resources

Agricultural . Do.mestlc. supply conditions

Control . Log index affecting prices independently of
production index
energy

Control Population Log level Demand scale

Food import Share of supply Exposure to world prices and
Control .

dependence imported exchange-rate pass-through

Fertiliser and ' Inpl.lt—pnce level; prevents .
Control Log index generation shares from absorbing

energy-cost indicators

general energy-cost movements

3.2 Research Hypotheses

The theoretical framework yields five testable hypotheses.

o HI. The relationships between energy sources and food markets are heterogeneous: the direction and

magnitude of the relationship differ significantly by energy type.
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« H2. Biomass generation supports supply diversity at low scale but, beyond a threshold in production
intensity, is positively associated with food prices through the food-fuel competition channel.

« H3. Continuously dispatchable sources—nuclear and geothermal—are negatively associated with food
prices, consistent with their capacity to lower the energy cost of irrigation, storage and cold-chain
infrastructure.

o H4. The relationship of wind and solar generation to food markets depends on system integration
capacity, infrastructure adequacy and energy intensity, and is therefore threshold-dependent rather
than uniform.

o  HS5. The relationship between hydropower and supply security is conditioned by water availability:
supportive where water stress is low, weakening or reversing as drought risk and competition for
water rise.

3.3 Choice of Estimator: Why PSTR

Several panel estimators can accommodate nonlinearity, and the choice among them is not innocu-
ous. Table 6 sets out the alternatives considered and the reason each was or was not adopted, judged
against three requirements imposed by the research question: coefficients that vary with an observable
structural condition; a transition that is gradual rather than abrupt, since energy systems do not cross
efficiency thresholds discontinuously; and heterogeneity located in the slope on energy shares rather than
in the conditional distribution of the outcome. The candidates assessed against these requirements are the
discrete threshold panel [60], the dynamic threshold panel [61], the nonlinear ARDL [62], panel quantile
regression [63,64] and the PSTR [65,66].

Table 6: Candidate nonlinear panel estimators and rationale for the chosen specification.

Approach What It Delivers Why It Is or Is Not Adopted Here

Retained as the comparison benchmark;
Average effect across all

. assumed constancy is the hypothesis
regimes

Linear two-way FE

under test
Rejected as the main model: imposes an
Threshold panel Discrete regimes at an abrupt switch, whereas energy-intensity
regression [60] estimated threshold transitions are gradual; also yields no

estimate of transition speed

. Not adopted as the main model: locates
Heterogeneity across the - gl
heterogeneity in the outcome distribution,

Panel quantile conditional distribution of
regression [63,64] not in an observable structural threshold;

food prices reported as a supplementary check

Attractive on identification grounds but
requires strong instruments for both the
threshold and the slope; the system-GMM
specification is used instead to address
endogeneity

Dynamic threshold Threshold effects with
panel [61] endogenous regressors

Designed for time-series or small-N panels
with long T; the present panel has large N
and moderate T

Asymmetric short- and

Nonlinear ARDL [62] long-run responses

(Continued)
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Table 6 (continued)

Approach What It Delivers Why It Is or Is Not Adopted Here

Smooth, monotonic
transition between regimes
PSTR [65,66] indexed by an observable
variable; estimates threshold
and transition speed jointly

Adopted: matches the theoretical claim that
channels strengthen gradually as energy
intensity rises, and yields directly
interpretable regime-specific elasticities

PSTR is therefore preferred not because it fits better in a mechanical sense but because its parameters
correspond to the objects the theory names: a threshold level of energy intensity, a speed at which the
transition occurs, and a pair of regime-specific elasticities per source. To guard against the possibility that
this choice drives the results, panel quantile estimates and discrete threshold estimates are reported alongside
the main specification in the robustness analysis.

3.4 The Panel Smooth Transition Regression Model

The PSTR model was introduced by Gonzalez et al. [65] and developed in Gonzalez et al. [66]; it carries
the smooth-transition logic of Terdsvirta [67] over to panels and generalises the threshold-effect approach
that Hansen [60] applied to panel data. Coefficients change between regimes through a continuous transition
governed by an observable transition variable. The baseline model is

Yie = Ui t A+ [36Xit + ﬁ{Xz‘tG (qit;Y>C) + (Slzit + €t 1

where y;; is the food price index or the supply-security index, y; denotes country fixed effects, Ay common
time shocks, X;; the six generation indicators, and Z; the control variables. The transition variable g,
threshold vector ¢ and transition speed y determine the location and sharpness of the change between
regimes. The logistic transition function is

-1
G(qisy,¢) = !1+exp{—yn (qit_Cj)}:| ,Y>0, i< <S¢y )

j=1

Estimation first evaluates the single-threshold model (m = 1) and then tests whether a two-threshold
model improves the information criteria and residual sum of squares. With one threshold the transition
function lies between 0 and 1, with G ~ 0 the low regime and G ~ 1 the high regime. The conditional marginal
relationship for source k is

aYit/anit = ﬁok + [31kG (qit; Y> C) (3)

so that the same source is associated with a conditional marginal relationship of Bk in the low-energy-
intensity regime and fox + fik in the high regime. The term “marginal effect” is used here strictly as the
partial derivative dy/0x; it carries no causal claim and denotes a conditional partial association.

Linearity is tested through Hy: y = 0 using LM, Wald and bootstrap-based F statistics. The threshold
search runs over the 10th-90th percentile range of the transition variable, and model selection combines
bootstrap p-values from 1000 replications with the AIC, the BIC and the residual sum of squares. Transition
speeds below 2 indicate gradual adjustment, values from 2 to below 10 a medium-speed regime change, and
values of 10 or above a sharp separation close to the threshold. Fig. 2 sets out this transition logic.
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Transition variable: energy intensity or income level
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Figure 2: Smooth-transition logic between the low and high regimes in the PSTR model. Note: The curves plot the
logistic transition function for two illustrative transition speeds; the key is given below the panel. A lower y implies a
gradual shift between regimes across a wide range of the transition variable, a higher y a sharper shift concentrated near
the threshold ¢, marked by the vertical dotted line.

Fig. 2 illustrates how transition speed changes the empirical reading. At low y the portfolio relationship
shifts gradually over a wide range of the transition variable, whereas high y concentrates the policy-relevant
threshold within a narrow band. The model therefore identifies not only coefficient signs but the levels of
energy intensity or income beyond which structural conditions establish a different relationship with food
prices and supply security.

3.5 Choice and Justification of the Transition Variable

Energy intensity is used as the main transition variable for three reasons, one theoretical, one institu-
tional and one empirical. Theoretically, it is the variable through which all three channels in Fig. | operate
simultaneously: it summarises how much energy the economy uses per unit of output and therefore how
strongly a change in the generation mix propagates into irrigation, processing and cold-chain costs. Where
energy intensity is low, a shift in composition changes little in the food cost structure; where it is high,
the same shift is amplified. Institutionally, energy intensity tracks the electrification of agriculture and
the depth of grid infrastructure, which is precisely the conditioning factor the infrastructure-flexibility
channel requires. Empirically, it produces the strongest rejection of linearity among the candidates tested
(Section 4.3). Energy intensity has also been used directly as the conditioning quantity in recent work on the
environment-energy-food relationship in emerging economies [68], which supports its interpretation as a
structural rather than an incidental threshold variable.

Two alternatives are retained as robustness dimensions rather than discarded. Per-capita income is
used to test whether the regime separation reflects general development level rather than energy structure
specifically; if the two produced identical thresholds, the energy-intensity interpretation would be redundant.
A water-stress index is used as a source-specific transition variable for hydropower, since the theoretical
mechanism for that source runs through water availability rather than energy efficiency. Using a single
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common transition variable for all six sources is itself a restriction, implying that regime separation is
governed by the same threshold throughout; source-specific transition variables—own production share for
biomass, water stress for hydropower—are therefore estimated as well, so that the findings can be checked
against a single-threshold definition [66].

3.6 Endogeneity, Reverse Causality and Identification

Generation shares may be determined jointly with food prices and supply security, so PSTR coefficients
are interpreted as regime-dependent conditional relationships rather than causal effects. Three measures
limit, without eliminating, the resulting bias.

First, explanatory variables enter the baseline specifications with a one-period lag. Second, the dynamic
panel system-GMM estimator serves as the principal complementary identification strategy. System-GMM
estimates the level and first-difference equations jointly within a common set of moment conditions in a
dynamic specification that includes the lag of the dependent variable, providing stronger instruments than
difference-GMM [40,41]. Energy shares are treated as endogenous or predetermined, with appropriate lags as
instruments; the instrument matrix is collapsed and lag depth restricted to prevent instrument proliferation
relative to the cross-sectional dimension. Two-step standard errors carry Windmeijer’s [69] finite-sample
correction. Instrument validity is assessed by the Hansen over-identification test and the absence of second-
order residual autocorrelation by the Arellano-Bond AR(2) test [39]. Third, the common correlated effects
estimator addresses cross-sectional dependence arising from common global shocks such as world energy
and fertiliser prices [42,43].

Omitted-variable bias remains a live concern, and two categories deserve naming. Institutional quality
and agricultural policy regimes plausibly affect both the generation mix and food outcomes, and are
only partially captured by country fixed effects to the extent that they change over time. Climate shocks
affect hydropower output and agricultural production simultaneously; the water-stress subsample analysis
addresses this partially but not completely. These limitations bound the interpretation of all results reported
below and are returned to in Section 5.3.

4 Results
4.1 Preliminary Panel Diagnostics

Before estimation, four properties of the panel are tested: cross-sectional dependence, slope heterogene-
ity, stationarity, and cointegration. Cross-sectional dependence is examined with Pesaran’s [70] CD test and
slope heterogeneity with the Pesaran and Yamagata [71] delta tests. Panel unit-root properties are assessed
with Levin et al. [72] and Im et al. [73] under cross-sectional independence and with the Pesaran [74] CIPS
test under dependence; the CIPS test is applied in the version adapted to unbalanced panels. The possibility of
long-run cointegration is examined with the Pedroni [75] and Westerlund [76] tests. These results guide the
specification: where variables are I(1) and cointegrated, PSTR is estimated as a long-run regime relationship
in levels; otherwise a log-difference or annual percentage-change specification is preferred to limit spurious-
regression risk. Standard-error sensitivity to cross-sectional dependence is checked with the Driscoll-Kraay
approach [77]. Table 7 reports these diagnostics.

The Pesaran CD statistic rejects cross-sectional independence at the 1% level, and both Pesaran-
Yamagata statistics reject slope homogeneity. These findings justify the use of second-generation unit-root
tests, the CCE estimator and dependence-robust inference. Table 8 disaggregates the CIPS results by variable,
which matters because the panel is not uniformly integrated of the same order.
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Table 7: Preliminary panel diagnostics: cross-sectional dependence, slope heterogeneity, unit roots and cointegration.

Implication for

Test Null Hypothesis Statistic p-Value Specification
-sectional j ; IPS, CCE
Pesaran [70] CD Qross sectiona 34.27 <0.001 Rejected; use CIPS, CCE and
independence dependence-robust errors
Pesaran—-Yamagata Rejected; source
delta & Slope homogeneity 14.11 <0.001 relationships are
heterogeneous
Pesar‘an—Yamagata Slope homogeneity 14.79 <0.001 Rejected; heterogeneous
adjusted delta slopes confirmed
Not rejected for the joint
LLC [72], levels Common unit root -1.21 0.113 ot rejected for the jom
level panel
Not rejected for the joint
IPS [73], levels Individual unit roots -0.94 0.174 orfejected lor the jom
level panel
Unit root under Predominantl
CIPS [74], levels cross-sectional -1.93 0.117 ) . Y
non-stationary in levels
dependence
Unit t und
CIPS [74], first it roo 1.1n cr Rejected; series become
. cross-sectional -5.42 <0.001 ) 1
differences stationary in differences
dependence
p i[75 1 j ; long- lati
edroni [75] pane No cointegration 368 <0.001 Rejected; long-run relation
ADF supported
Westerlund [76] Gt No cointegration -2.91 0.003 Rejected; cointegration

confirmed

Note: CD denotes the Pesaran [70] cross-sectional dependence test, LLC the Levin, Lin and Chu panel unit-root
test, IPS the Im, Pesaran and Shin panel unit-root test, CIPS the cross-sectionally augmented IPS test, and Gt the
Westerlund [76] group-mean t statistic.

Table 8: Variable-level CIPS unit-root results.

. CIPS, CIPS, First Order of
Variable Levels p-Value Differences p-Value Integration

Food price index -1.84 0.142 -5.91 <0.001 I(1)

Food supply security index =211 0.074 -6.02 <0.001 I(1)

Energy intensity -2.25 0.041 n.a. n.a. 1(0)

Per-capita income -1.65 0.221 -6.73 <0.001 I(1)
Agricultural i

gricultural production _, 7 0.192 ~6.44 <0.001 101)

index
Population -1.43 0.316 -7.02 <0.001 I(1)
Food import dependence -2.27 0.038 n.a. n.a. 1(0)

(Continued)
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Table 8 (continued)

. CIPS, CIPS, First Order of
Variable Levels p-Value Differences p-Value Integration

Fertiliser and energy-cost _, ¢, 0.153 -5.94 <0.001 101)
index

Nuclear generation share -2.36 0.019 n.a. n.a. 1(0)

Wind generation share -2.04 0.083 -5.18 <0.001 1(1)

Solar generation share -1.97 0.112 -5.66 <0.001 I(1)

Geothermal generation share -2.31 0.027 n.a. n.a. 1(0)

Hydropower generation ~2.08 0.071 -5.02 <0.001 1(1)
share

Biomass generation share -2.18 0.052 -5.37 <0.001 I(1)

Note: CIPS critical values follow Pesaran [74]. Variables stationary in levels are marked I(0); n.a. = not applicable,
indicating that no first-difference test is required or reported for those variables.

The variable-level results indicate a mixed 1(0)/I(1) panel: energy intensity, food import dependence,
and the nuclear and geothermal shares are stationary in levels, while the food outcomes and the remaining
macroeconomic and generation variables become stationary after first differencing. Both the Pedroni and
the Westerlund tests reject the null of no cointegration. The baseline PSTR is therefore retained in levels to
represent the long-run regime relationship, while first-difference and annual-inflation specifications serve as
robustness checks against spurious regression. That energy intensity is itself I(0) is convenient for the design,
since a stationary transition variable makes the estimated threshold interpretable as a fixed level rather than
a drifting one.

4.2 Descriptive Statistics and Energy-Portfolio Disaggregation

The estimation panel covers 82 developing economies over 2000-2023, a maximum frame of 1968
country-year observations. The average missing-observation rate across variables is 5.6% and the highest, for
nuclear generation, is 10.5%, so every variable clears the 15% exclusion threshold set in Section 3.1.1. Table 9
reports distributional measures for the dependent variables, transition variables, controls and the six
generation shares, permitting assessment of central tendency, outliers, zero-clustering and cross-source het-
erogeneity.

Three features of Table 9 bear on the specification. First, the 5th—95th percentile band of the food price
index spans 78.3 to 164.9, so price pressure, while general across developing countries, differs sharply in
intensity and volatility. Second, mean energy intensity of 0.436 coincides closely with the threshold estimated
below, indicating that the sample is distributed around the regime boundary rather than concentrated on
one side of it—a necessary condition for the threshold to be identified from the data rather than from the
tails. Third, the portfolio is markedly uneven across sources: hydropower averages 29.6%, while geothermal
and nuclear generation show pronounced zero-clustering because they are concentrated in a few countries.
Biomass averages only 3.8% but rises to 11.5% at the 95th percentile, which is precisely the configuration
under which an average linear coefficient is uninformative and a threshold specification is appropriate.

Correlation patterns diverge in direction and magnitude across sources: biomass correlates positively
with the food price index (r = 0.31), geothermal negatively (r = —0.27), and nuclear generation correlates
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negatively with food price volatility (r = —0.22). This provides a prior methodological rationale for disaggre-
gation, since aggregating these sources into one renewable-energy indicator would net opposing associations
against one another.

Table 9: Descriptive statistics and energy-portfolio distribution.

Variable N Mean SD Min. P5 Median P95 Max.  Missing %
Panel A: Dependent, transition and control variables

Food price index (2015 = 100) 1902 112.4 24.7 61.2 78.3 107.6 164.9 198.4 3.4
Food supply security index (0-100) 1876 61.8 12.6 31.4 42.2 62.7 81.6 89.3 4.7
Energy intensity 1824 0.436 0.118 0.192 0.256 0.421 0.674 0.812 7.3
Per-capita income (log) 1914 8.62 0.78 6.71 7.28 8.61 9.88 10.44 2.7
Agricultural production index 1887 103.2 18.9 58.6 74.5 101.8 1374 158.2 41
Food import dependence (%) 1798 21.7 13.4 21 5.6 18.9 48.2 66.5 8.6

Panel B: Energy-source shares in electricity generation (%)

Nuclear 1762 2.6 8.7 0.0 0.0 0.0 18.4 44.6 10.5
Wind 1891 5.1 6.9 0.0 0.1 2.6 19.8 334 3.9
Solar 1895 4.2 5.8 0.0 0.0 1.8 16.9 29.7 3.7

Geothermal 1792 1.4 3.7 0.0 0.0 0.0 8.3 23.5 8.9
Hydropower 1908 29.6 244 0.4 2.8 23.7 78.5 94.2 3.0
Biomass 1852 3.8 4.6 0.0 0.2 2.1 115 26.2 5.9

Note: SD = standard deviation; P5 and P95 denote the 5th and 95th percentiles. Missing percentages are computed
against the maximum frame of 1968 country-year observations (82 economies over 2000-2023). Energy variables are
expressed as shares of electricity generation.

4.3 Linearity Tests, Threshold Values, Model Selection and Diagnostics

A linear fixed-effects model recovers the average relationship but conceals coeflicient heterogeneity
when regime breaks are present. Linearity is therefore tested against several transition variables before
estimation, with model selection resting on information criteria and parsimony as well as statistical
significance. Table 10 reports the linearity tests together with threshold model selection.

Table 10: PSTR linearity tests, threshold values and model selection.

Test/Model Transition Variable =~ LM-F Wald Boot.p Thresholdc/95% CI y  AIC/BIC Decision
Panel A: Linearity hypothesis tests (H,: linear model)
LM/Wald test Energy intensity 18.64 126.70 0.001 n.a. n.a. n.a. Hoy rejected
LM/Wald test Per-capita income 11.42 8354 0.006 n.a. n.a. n.a. Hy rejected
LM/Wald test Renewable-energy share 736  54.21  0.031 n.a. n.a. n.a. Hy rejected
LM/Wald test ~ Water-stress index 5.08 3812 0.074 n.a. n.a. n.a. Weak nonlinearity
Panel B: Threshold-model selection and goodness of fit

Linear FE n.a. na. na. n.a. n.a. n.a. 2.431/2.586 Comparison model
PSTR(m =1) Energy intensity 18.64 126.70 0.001  0.436/0.401-0.472 7.84 2.184/2.337 Main model
PSTR (m =2) Energy intensity 472 31.09 0.118 0.318; 0.622 9.16 2.171/2.402 Not selected (BIC)

PSTR (m =1) Per-capita income 11.42 83.54 0.006 8.74/8.45-9.03 4.92 2.236/2.391 Robustness model

Note: Bootstrap p-values are based on 1000 replications. CI denotes the confidence interval, FE the two-way fixed-
effects model, and m the number of thresholds in the transition function. Lower AIC and BIC values indicate better
fit. n.a. = not applicable, indicating that the statistic concerned is not defined for that row.
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Energy intensity is the strongest transition variable: an LM-F statistic of 18.64, a Wald statistic of
126.70 and a bootstrap p-value of 0.001 constitute a strong signal of regime separation against the linear
specification. Per-capita income also rejects linearity but with weaker statistics, which is why it is treated as a
complementary robustness dimension rather than the main threshold. The renewable-energy share produces
significant nonlinearity but a weaker fit. The water-stress index shows nonlinearity only at the 10% level, so
it is used in the heterogeneity analysis rather than as the main threshold determinant.

Model comparison supports the single-threshold structure. The energy-intensity threshold is estimated
at ¢ = 0.436 with a 95% confidence interval of 0.401-0.472, and the transition speed at y = 7.84—medium-to-
high, but short of a discontinuous switch. The two-threshold model reduces the residual sum of squares only
marginally, while the BIC rises to 2.402 and the bootstrap p-value for the second threshold stands at 0.118,
so the added complexity is not supported. The single-threshold energy-intensity model is therefore adopted
as the main specification. Table 11 reports the accompanying specification diagnostics.

Table 11: PSTR specification diagnostics and stability checks.

. . . Supply Security
Diagnostic Purpose Food Price Model Model
Within R? Goodness of fit 0.684 0.641

idual f 12,418.6 (li FE:
Residual sum o Fit relative to linear FE 0.176 (linear FE: 0.231) 8.6 (linear
squares 15,906.4)
Residual
I f
serial-correlation test ndependence o 0.214 0.268
errors
(p)
Residual normality Distributional 0.078 0112
test (p) adequacy
Test of no remaining Adeggacy of one 0.364 0.417
nonlinearity (p) transition function
Parameter-constancy Stability of c9efﬁc1ents 0.286 0.331
test (p) over time
Precision of reei
Threshold c (95% CI) recislon o Tegime 0.436 (0.401-0.472) 0.448 (0.414-0.485)
boundary
Transition speed y Sharpness of regime 784 (157) 6.73 (1.42)
(s.e.) change
Threshold under Sensitivity of
| i i 431 444
alternative grid threshold location 043 0

(5%-95%)

Note: Rows marked (p) report p-values. Parenthetical entries follow the diagnostic named in the same row: the
corresponding linear fixed-effects (FE) value for the residual sum of squares, the 95% confidence interval for the
threshold ¢, and the standard error (s.e.) for the transition speed y.

The PSTR models explain 68.4% of within-country variation in the food price specification and 64.1%
in the supply-security specification, and both reduce the residual sum of squares relative to the linear fixed-
effects benchmark. The residual serial-correlation and normality tests do not reject their respective nulls
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at the 5% level. The tests of no remaining nonlinearity also fail to reject, which indicates that a single
transition function is adequate and supports the decision against the two-threshold specification taken above
on information-criterion grounds. Parameter-constancy tests provide no evidence of coeflicient instability
over the sample period. The threshold estimates are precise and move only marginally when the search grid
is widened from the 10th-90th to the 5th-95th percentile range, from 0.436 to 0.431 in the price model and
from 0.448 to 0.444 in the supply-security model. Fig. 3 plots the estimated transition function against the
energy-intensity distribution.

1.0 4

)
o
o

q:v., c

0.6 1

0.4

Transition weight G(

0.2 4

Median P95

0.2 0.3 0.4 0.5 0.6 0.7 0.8
Transition variable: energy intensity

0.0 1

Figure 3: Estimated transition function, threshold value and energy-intensity distribution (y = 7.84, ¢ = 0.436). Note:
The solid curve is the estimated transition function. The vertical dotted line marks the estimated threshold ¢ = 0.436 and
the shaded band its 95% confidence interval (0.401-0.472). Tick marks on the horizontal axis show the 5th percentile,
the median and the 95th percentile of the energy-intensity distribution.

Fig. 3 shows the form of regime separation around the energy-intensity transition variable. The
estimated transition function reflects a medium-to-high-speed but not discontinuous shift from the low
to the high regime, and the distribution of observations around the threshold confirms that both regimes

are populated.

4.4 Regime-Dependent PSTR Estimates for the Food Price Index

PSTR coefficients for the food price index show that sources do not produce relationships of the
same direction or magnitude in the two regimes. Because the model is logarithmic, coefficients are read as
approximate elasticities. A one-percent increase in the nuclear generation share is associated with a food price
index lower by about 0.038% in the low regime and 0.081% in the high regime. For geothermal generation
the negative association is more pronounced, moving from —0.052 in the low regime to —0.094 in the high
regime. Solar generation is weakly associated in the low regime (—0.014) but rises to —0.046 in the high
regime, suggesting that rural electrification and irrigation channels become visible only once a threshold
of energy-system capacity is passed. Wind generation is statistically insignificant in the low regime and
significant at —0.029 in the high regime.
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Biomass shows the sharpest regime separation in the model. Its low-regime coefficient of —0.006 is
statistically insignificant, indicating that small-scale biomass use produces no systematic association with
price pressure. In the high regime the coeflicient rises to 0.067 and attains significance at the 1% level,
consistent with the argument that beyond certain production scales biomass is positively associated with food
prices through competition over land, water and agricultural products. Hydropower moves from —0.024 in
the low regime to 0.017 in the high regime, indicating that under water stress and drought the hydropower-
food relationship may shift from the cost-reducing channel to the resource-competition channel. Table 12
reports the estimates, and Fig. 4 traces the corresponding regime-dependent marginal relationships across
the range of the transition variable.

Table 12: PSTR coefficients for the food price index.

Energy Low-Regime High-Regime

-Val I i
Source Coefficient Coefficient p-Value nterpretation
Nudlear _0.038** 0,081+ 0.004 Continuou.s electr.icity s.upply negatively
associated with price pressure
Wind —0.007 _0.029% 0.032 Relationship emerges after grid
integration
Rural-irrigation and
Solar -0.014* —-0.046*** 0.009 distributed-generation channel
strengthens
Geothermal —0.052%* —0.094%%* 0.001 Consistent with greenhouse, drying and
storage cost effects
Hydropower  —0.024%* 0.017* 0.071 Direction changes at the water-stress
threshold
Biomass —0.006 0,067+ 0.003 Food-fuel competition pressure emerges

beyond the threshold

Note: Entries in the two coefficient columns are estimated PSTR regime coeflicients for the food price index and are
read as approximate elasticities, the model being logarithmic; asterisks refer to the significance of the coeflicient in
the column concerned. The p-value column reports the p-value of the high-regime coefficient. ***p < 0.01, **p < 0.05,
*

< 0.10.

Fig. 4 shows that beyond the energy-intensity threshold (c = 0.436) the marginal relationships of the
six sources diverge in both direction and magnitude: nuclear and geothermal generation strengthen their
negative association while biomass crosses into a positive one.

4.5 Supply Security and Heterogeneity

The supply-security model is consistent with the price model but makes infrastructure channels more
visible. The supply-security coeflicient on nuclear generation is 0.034 in the low regime and 0.073 in the
high regime; geothermal takes values of 0.061 and 0.102, respectively. Continuously dispatchable sources
therefore appear to do more than limit price pressure: they are positively associated with physical supply
security through cold chain, irrigation continuity and storage reliability. Solar generation shows a positive
high-regime association of 0.058, consistent with rural electrification and smallholder irrigation access.
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Figure 4: Regime-dependent marginal-relationship curves of energy sources for the food price index. Note: Each curve
plots the conditional marginal relationship Sy + Bik G(q; ¥, ¢) for one source across the range of the transition variable,
evaluated at y = 7.84 and ¢ = 0.436; the source key is given below the panel. The vertical dotted line marks the estimated
threshold, the shaded band its 95% confidence interval, and the horizontal line the zero reference.

The biomass—supply-security relationship is 0.012 and insignificant in the low regime, falling to —0.055
and attaining significance at the 5% level in the high regime—consistent with the resource-competition
argument that at high generation shares biomass constrains land and crops available for food. Hydropower
is positively associated with supply security in the low-water-stress subsample (0.046) and negatively in the
high-water-stress subsample (—0.028); the Wald test for the subsample difference yields 6.91 with p = 0.009,
indicating that water management conditions the hydropower-food relationship.

Robustness analyses preserve the main patterns under alternative definitions. With annual food infla-
tion as the dependent variable, the high-regime biomass coefficient is 0.071, geothermal remains at —0.088
and nuclear at —0.076. With per-capita income as the transition variable, post-threshold coefficients are 0.052
for biomass, —0.039 for solar and —0.081 for geothermal. Under one-period lagged energy variables the signs
are preserved (0.059 biomass, —0.069 nuclear, —0.087 geothermal). This does not eliminate reverse-causality
risk but offers cautious support that the findings are not solely contemporaneous correlations. Table 13
summarises, and Fig. 5 maps the corresponding transmission channels to the dimensions of supply security.

Table 13: Supply-security and robustness analyses.

Model/Subsample Biomass Nuclear Geothermal Main Result

Continuous generation positively associated
—0.055**  0.073***  0.102*** with supply security; biomass negatively,
through competition

Supply security, high

regime

(Continued)
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Table 13 (continued)

Model/Subsample Biomass Nuclear Geothermal Main Result
Food-inflation 0071  —0.076%  —0.088*** Price pattern‘largely preserved }1nder the
model alternative dependent variable
Income ‘Fran31t10n 0.052%  —0.061** —0.081*** Threshold 1nterPretat10n al'so holds under
variable the income regime
Lagged energy Coefficient signs preserved under the lagged

. 0.059**  —-0.069** —0.087***
variables setup

High-water-stress 0.064%* —0.052*  —0.078* Biomass and hydropower risks more

subsample pronounced under water stress

Note: Entries are estimated coefficients for the model or subsample named in each row; standard errors are
not reported. The high regime denotes observations above the estimated energy-intensity threshold (c = 0.436).
0t < 0.01, #p < 0.05, *p < 0.10.

Energy sources Transmission channel Food supply-security dimensions
Continuous / base-load Reliable base load and
Nuclear - Geothermal 1 low, stable energy cost ™~ Food supply security
Hydropower (continuity of production and processing)

« production and supply continuity
« dietary energy supply adequacy

- N ~ * lower import dependence
. . ) « lower supply volatility
Variable renewable Rural electrification and
4
o irrigation / pumping access D

EolaiWing (depends on grid integration) 4|~
L J » L — |
|
|

Land / water-intensive Food-fuel competition, Food price pressure

. » 1 indirectly weakens supply security
Biomass land and water-resource competition

through accessibility

Figure 5: Transmission channels from energy sources to dimensions of food supply security. Note: Blue arrows
denote channels operating through cost and access, red arrows channels operating through food-fuel and resource
competition; circled signs give the direction of the association. The direction and intensity of every relationship are
regime-dependent (PSTR threshold effect): continuous generation strengthens supply security and variable renewables
contribute where grid integration is high, whereas biomass weakens supply security through food-fuel and resource
competition.

Fig. 5 summarises how the sources reach the dimensions of supply security. Continuously dispatchable
sources strengthen infrastructure security, whereas biomass at high shares weakens supply security through
food-fuel competition.
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4.6 Dynamic Panel (System-GMM) and CCE Estimates

Within the identification framework of Section 3.6, Table 14 reports dynamic panel system-GMM esti-
mates for the food price index. The specification includes a one-period lag of the dependent variable; energy
shares are treated as endogenous or predetermined with appropriate lags as instruments. Difference-GMM
and the CCE estimator are reported for comparison. Validity is assessed through the Hansen ] test of the
over-identifying restrictions and the Arellano-Bond AR(2) test for second-order residual autocorrelation.

Table 14: Dynamic-panel system-GMM and robustness estimates (dependent variable: food price index).

Variable

System-GMM

Difference-GMM

CCE

Food price index (t — 1)
Nuclear generation share

0.621%** (0.082)
—0.054** (0.023)

0.487%** (0.103)
—0.061** (0.028)

0.553*** (0.069)
—0.067*** (0.021)

Wind generation share —0.021 (0.019) —0.018 (0.022) —0.026 (0.017)
Solar generation share —0.036** (0.016) —0.041** (0.018) —0.043*** (0.014)
Geothermal generation share —0.078** (0.026) —0.083** (0.029) —0.085*** (0.024)
Hydropower generation share 0.012 (0.014) 0.014 (0.016) 0.013 (0.012)
Biomass generation share 0.059** (0.021) 0.063** (0.024) 0.066*** (0.019)
Control variables Included Included Included
Arellano-Bond AR(1) test 0.002 0.001 na
(p-value)
Arellano-Bond AR(2) test 0.287 0236 e
(p-value)
Hansen J test of
over-identifying restrictions 0.324 0.281 na.
(p-value)
Number of instruments 41 38 n.a.
Observations 1968 1886 1968
Countries 82 82 82

Note: Coefficients from two-step system-GMM with a collapsed instrument matrix; standard errors with Windmei-
jer’s [69] finite-sample correction in parentheses. ***p < 0.01, **p < 0.05, n.a. = not applicable. AR(1) and AR(2) are
p-values of the Arellano-Bond serial-correlation tests and Hansen ] the p-value of the over-identification test. The
Arellano-Bond rows report the p-values of the tests for first- and second-order serial correlation in the differenced
residuals. The Hansen ] row reports the p-value of the test of the over-identifying restrictions for both instrument-
based specifications: 0.324 for system-GMM and 0.281 for difference-GMM. Neither rejects the null of joint instrument
validity at conventional levels, and neither approaches the implausibly high values that would indicate instrument
proliferation, which the collapsed instrument matrix is designed to prevent. The CCE estimator does not identify
parameters through instruments, so the Arellano-Bond and Hansen J statistics and the instrument count are undefined
for that column and are reported as not applicable.

The sign pattern of the baseline PSTR model is largely preserved in the dynamic framework. The
lagged food price index at 0.621, significant at the 1% level, indicates marked price persistence in the
developing-country panel and supports the dynamic specification. Nuclear (-0.054), solar (-0.036) and
especially geothermal (—0.078) generation retain negative and significant relationships with food prices, and
biomass retains a positive relationship at 0.059. The modest reduction in absolute magnitude relative to the
PSTR high-regime estimates is consistent with the instrumental strategy absorbing part of the simultaneity
bias. Wind and hydropower remain below conventional significance, supporting the reading that their
relationship to food markets is governed by regime conditions and conditioning variables such as water stress
rather than by an average linear effect.

Diagnostically, the AR(1) p-value of 0.002 reflects expected first-order autocorrelation in differences,
while AR(2) at 0.287 is consistent with no second-order serial correlation. The Hansen ] p-value of 0.324
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indicates that the over-identifying restrictions cannot be rejected, and the collapsed instrument matrix
(41 instruments against 82 countries) limits instrument-proliferation bias. The lower lagged-dependent
coefficient in difference-GMM (0.487) matches the Blundell-Bond expectation that system-GMM is more
efficient owing to additional moment conditions. Persistence of the pattern under CCE (biomass 0.066,
nuclear —0.067, geothermal —0.085) indicates that source-specific relationships remain visible once common
global shocks are purged.

4.7 Robustness to Compositional Transformation and Alternative Estimators

Because the six generation shares are compositional, the main specifications are re-estimated with
centred log-ratio transformed shares [59], and—as a check on the estimator choice defended in Section 3.3—
with a discrete threshold panel model and a panel quantile specification. Table 15 reports the comparison for
the three sources that carry the substantive findings.

Table 15: Robustness to compositional transformation and alternative nonlinear estimators (food price index).

Specification Biomass Nuclear Geothermal Conclusion

Baseline PSTR, high regime
(untransformed shares)

PSTR with
CLR-transformed shares

0.067***  —0.081*** —-0.094*** Reference specification

0.063***  —0.077"** —0.090***  Signs and magnitudes preserved

ILR tr:rlsicixg(}il shares 00617 ~0.0757 ~0.088" BaCk-trirf;sefgcrsIZ:j sl‘z:tﬁ: rhaten
Discrete thresholq 0.070*  —0.083%* —0.096%** Results do not dep(?r?d on the
panel [60], upper regime smooth transition

Panel quantile reg'ression, 0.057%*  —0.068%* —0.081*** Pattern persist's in' the' upper
75th percentile outcome distribution

Biomass and geothermal results
0.066***  Omitted —0.092*** are not driven by nuclear
zero-clustering

PSTR excluding the
nuclear-share regressor

2000-2022 sample 0.062°%  —0.078* —0.091%* Terminal-year exclusion leaves

(terminal-year check) conclusions unchanged

Note: ***p < 0.01, **p < 0.05. Omitted indicates that the regressor concerned is excluded from the specification
in that row. Zero shares are replaced by 0.01 percentage points before the CLR transformation; sensitivity checks
using 0.001 and 0.05 percentage points yield coefficient ranges of 0.060 to 0.065 for biomass, —0.074 to —0.079 for
nuclear and —0.087 to —0.092 for geothermal. ILR entries are source-specific perturbation effects recovered by back-
transformation, not raw coordinate coefficients. The terminal-year check re-estimates the model on 2000-2022 and
yields a threshold of 0.439 and a transition speed of 7.61. Because that row rests on a different estimation sample from
the baseline, its coeflicients differ from the corresponding entries in Table 12; the difference does not exceed 0.005 in
absolute value and leaves signs and significance levels unchanged.
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The compositional transformations preserve the sign, significance and approximate magnitude of the
three principal source coefficients. The high-regime biomass coefficient remains positive and the nuclear
and geothermal coefficients remain negative under both the CLR and the ILR specifications, with absolute
magnitudes falling by roughly 5 to 9% relative to the untransformed baseline. The same pattern emerges from
the discrete-threshold and upper-quantile models, which indicates that the findings are not an artefact of the
smooth-transition functional form defended in Section 3.3. Dropping the nuclear share from the regressor
set leaves the biomass and geothermal estimates virtually unchanged, so those results do not depend on the
zero-clustering discussed in Section 3.1.1. The row reports exclusion of the nuclear regressor rather than of
nuclear-adopting countries, since removing those countries would leave the nuclear coefficient unidentified.
Re-estimation on the 2000-2022 sample places the energy-intensity threshold at 0.439 and the transition
speed at 7.61, against 0.436 and 7.84 in the baseline, and returns high-regime coefficients of 0.062 for biomass,
—0.078 for nuclear and —0.091 for geothermal, against 0.067, —0.081 and —0.094 in Table 12. These deviations
arise because the two sets of coefficients are estimated on different samples, the terminal year being excluded
from the second, and not from any inconsistency between specifications: the signs, the significance levels
and the ordering of magnitudes across sources are identical, and no coefficient moves by more than 0.005 in
absolute value.

5 Discussion
5.1 Source-Specific Findings in Relation to Prior Evidence

The biomass result is the point at which this study speaks most directly to an existing disagreement.
Serra and Zilberman [15] found biofuel-food transmission that strengthened at high production levels;
Zhang et al. [16] found no stable long-run link; Zilberman et al. [17] concluded that the effect is real but
highly sensitive to modelling assumptions. The regime estimates here are consistent with all three findings
simultaneously, because they locate the disagreement in functional form rather than in the data. A coefficient
that is —0.006 and insignificant below the energy-intensity threshold and 0.067 and significant above it would
appear as “no stable relationship” to a linear long-run estimator applied to a pooled sample dominated by
low-regime observations, and as “strong transmission” to a study drawn from high-production settings. The
estimated magnitude in the upper regime is of the same order as the elasticities Nazlioglu and Soytas [36]
report for oil-price transmission to agricultural commodities, which is what one would expect if the operative
mechanism is competition for the same land and feedstock rather than a distinct pricing channel. Evidence
that biomass and fossil-energy futures markets became more tightly coupled after 2020 [78] points the same
way, since closer coupling raises the opportunity cost of directing feedstock to fuel rather than to food.

The nuclear and geothermal results have fewer direct antecedents, which is itself a finding about the
literature rather than about the world: these sources are largely absent from energy-food price studies
because aggregate renewable indicators subsume geothermal and exclude nuclear altogether. The negative
associations reported here (—0.081 and —0.094 in the upper regime) are consistent with the cost-channel logic
set out by the nexus literature [22,23] and with the FAO-based observation that cold-chain and storage losses
are a substantial component of effective food supply in lower-income settings [58]. They are not, however,
directly comparable to any prior coeflicient, and should be treated as first estimates requiring replication
rather than as confirmation.

The hydropower finding aligns with the nexus literature more closely than with the price literature.
That the sign reverses between low- and high-water-stress subsamples (0.046 vs. —0.028, Wald p = 0.009)
reproduces at the level of a cross-country panel what Conway et al. [24] documented for southern Africa:
under climate variability, hydropower generation and agricultural water demand become rival claims on the
same resource. Global infrastructure assessments reach a compatible conclusion, projecting that demand
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for hydropower and for irrigation storage will increasingly compete for the same reservoirs, most acutely in
South Asia and Africa [79]. The insignificance of hydropower in the pooled GMM specification (0.012, s.e.
0.014) is not evidence against this reading—it is what an averaged coeflicient looks like when two subsamples
carry opposite signs.

The solar and wind results speak to the conditionality that Simpson and Jewitt [51] identify as the
practical weakness of nexus policy. Both sources are weak or insignificant in the low regime and significant in
the high regime. The natural reading is that the benefit of variable renewables for food markets is not intrinsic
to the technology but contingent on the complements—grid flexibility, storage, rural electrification—that the
infrastructure channel names. This is consistent with recent panel evidence that clean-energy indicators carry
both beneficial and adverse associations with food security across African economies [52], and it cautions
against policy evaluations that credit capacity additions without assessing integration.

5.2 Regime Dependence as a Substantive, Not Merely Statistical, Result

The threshold estimate itself carries interpretation. Energy intensity of 0.436 sits close to the sample
mean (Table 9), so roughly half the panel operates in each regime, and the medium-to-high transition
speed (y = 7.84) implies that the shift between regimes occurs over a relatively narrow band rather than
gradually across the whole distribution. Substantively, this means the composition of the generation portfolio
matters most for food outcomes precisely in economies whose energy systems are moderately to highly
energy-intensive—that is, where the cost channel has enough leverage to propagate. In very low-intensity
economies, changing the mix does comparatively little to food prices in either direction. This is a policy-
relevant asymmetry that a linear specification cannot express, and it qualifies the common assumption that
raising the renewable share is uniformly beneficial for food security.

It also sharpens the interpretation of the aggregation problem. Nuclear and geothermal generation carry
negative coeflicients while biomass carries a positive one in the same regime; combining them into a single
renewable indicator (which would exclude nuclear and include biomass) nets these against each other and
can produce a small, insignificant, and misleading average. The correlation pattern in Section 4.2—biomass
at +0.31, geothermal at —0.27 with the price index—makes this concrete.

5.3 Limitations

Four limitations bound these conclusions. First, identification: the panel is observational, generation
shares may be jointly determined with food outcomes, and neither lagging, system-GMM nor CCE delivers
exogenous variation. The coeflicients are conditional associations. Second, omitted variables: institutional
quality, agricultural support policies and climate shocks plausibly move both sides of the relationship, and
time-varying components of these are only partially absorbed by fixed effects. Third, sample composition:
nuclear and geothermal generation are concentrated in a small number of countries, so their regime
coefficients rest on limited cross-sectional variation and should be regarded as the least robust of the six.
Fourth, measurement: the supply-security index aggregates three components whose relative weight is
determined by principal component analysis, and the index is a proxy for a construct that no single indicator
captures. Strengthening causal identification through quasi-experimental designs, policy discontinuities or
instrumental variables with a defensible exclusion restriction remains the principal task for subsequent work.
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Table 16: Differentiated policy priorities by regime position, water stress and portfolio structure.
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Country
Configuration

Evidence from This
Study

Priority Policy Actions

What to Avoid

Low energy intensity

(below ¢ = 0.436), low

water stress

Portfolio composition
weakly associated
with prices in either
direction

Build agricultural
electrification and grid
reach first; the mix matters
little until the cost channel
has leverage

Costly portfolio
re-optimisation
before demand-side
infrastructure exists

High energy intensity,

Biomass high-regime
elasticity +0.067 on

Redirect biomass incentives
to non-food residues and

Volumetric biomass
targets that do not

biomass share above rices: —0.055 on waste feedstock; apply distinguish food
the sample P95 (11.5%) P “u 1’ se‘curit feedstock-origin from non-food
PPY ¥ conditionality to subsidies feedstock
Treating installed
. . . Hydropower Introduce seasonal Lcating instatied
High energy intensity, . ) hydropower capacity
. supply-security allocation rules between _
high hydropower . . L as a food-security
. coeflicient reverses generation and irrigation; .
share, high water ] . asset independent of
stress from +0.046 to —0.028  couple reservoir operation hvdrolosical
(Wald p = 0.009) to agricultural calendars Yaroog
conditions
Pair capacity additions with ~ Counting capacity
High energy intensity, Solar and wind storage, microgrids and additions as

rising solar and wind

shares, weak grid

significant only in the
high regime

demand management;
prioritise irrigation-linked
distributed solar

food-security gains
without integration
investment

Geothermal or
nuclear resource
endowment

Strongest negative
price association
(=0.094 and -0.081)
and strongest
supply-security
association

Co-locate cold-chain,
greenhouse and drying
infrastructure with
continuous generation to
capture the cost channel

Assuming the benefit
accrues
automatically
without downstream
agro-processing
investment

High food import
dependence (above
P95 = 48.2%)

Import dependence is
a control, not a
channel, but
conditions exposure

Combine portfolio
measures with strategic
reserves and trade
diversification

Relying on domestic

energy policy alone

to stabilise domestic
food prices

Note: ¢ denotes the estimated energy-intensity threshold and P95 the 95th percentile of the variable concerned in the
estimation sample, as reported in Table 9.

6 Conclusion and Policy Implications

This study assessed how the composition of the energy production portfolio relates to food prices
and supply security in developing countries within the WEF framework, differentiating by source type,
production scale and threshold conditions. The reflection of energy transition on food markets is not
unidirectional or homogeneous: it varies with the technological nature of the source, with infrastructure
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capacity and with the prevailing regime. Aggregating sources into a single renewable-energy indicator
therefore risks concealing mechanism differences that are decisive for policy.

The PSTR framework allows this separation to be read as regime transitions rather than as coefficient
signs alone. Biomass generation beyond certain thresholds is associated with price pressure consistent with
food-fuel competition, while continuously dispatchable sources—nuclear and geothermal—are associated
with a mechanism that limits price volatility through irrigation, storage and cold-chain continuity. The
favourable relationship of solar and wind becomes evident mainly where grid integration and rural elec-
trification capacity are strong, indicating that the food-security value of variable renewables depends on
institutional and infrastructural complements as much as on installed capacity. For hydropower, water stress
is the conditioning variable: as scarcity rises, the tension between generation and agricultural water use
intensifies and the association with supply security turns negative.

6.1 Differentiated Policy Implications

The regime structure of the results implies that a single policy prescription is inappropriate, and
the differentiation should follow the conditioning variables the model identifies rather than general
categories. Table 16 sets out the resulting priorities.

The general point is that in developing countries the policy objective should not be confined to raising
the renewable share. The portfolio must be planned jointly with water resources, agricultural production
structure, grid capacity, rural electrification and explicit food-supply-security objectives.

6.2 Contribution and Future Research

This study addresses three limitations in the literature—representation of energy through aggregated
indicators, separate treatment of price and supply security, and the dominance of linearity—by disaggregat-
ing six sources within one panel, modelling both outcomes jointly, and testing regime dynamics with PSTR,
supported by system-GMM, CCE and compositional-data robustness checks. The contribution is integrative
rather than a first demonstration of any individual linkage, several of which are well established.

Future work can extend the framework in three directions: quasi-experimental designs that strengthen
causal identification; estimation disaggregated by country group, so that the heterogeneity absorbed here
into a common threshold can be examined directly; and broader indicator sets incorporating climate shocks,
storage technology diffusion and agricultural water productivity. The evidence assembled here is intended
as an input to the joint design of energy, water and food policy rather than as a settled account of the
mechanisms involved.
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Appendix A Sample Composition

The final analytical sample comprises 82 developing economies, classified by World Bank region and
income group. Usable years vary from 18 to 24 within a maximum common window of 2000-2023, reflecting
source-specific missingness; the usable-year counts below sum to the 1824 country-year observations of the
transition-variable complete-case panel reported in Section 3.1.1.

Table Al: Sample composition: 82 developing economies by region, income class and observation coverage.

World Bank Region Income Class Economy Maximum Period  Usable Years
East Asia & Pacific Lower-middle Cambodia 2000-2023 23
East Asia & Pacific Upper-middle China 2000-2023 24
East Asia & Pacific Upper-middle Fiji 2000-2023 23
East Asia & Pacific Upper-middle Indonesia 2000-2023 24
East Asia & Pacific Lower-middle Lao PDR 2000-2023 22
East Asia & Pacific Upper-middle Malaysia 2000-2023 24
East Asia & Pacific Upper-middle Mongolia 2000-2023 22
East Asia & Pacific Lower-middle Myanmar 2000-2023 18
East Asia & Pacific Lower-middle Papua New Guinea 2000-2023 22
East Asia & Pacific Lower-middle Philippines 2000-2023 22
East Asia & Pacific Upper-middle Thailand 2000-2023 24
East Asia & Pacific Lower-middle Timor-Leste 2000-2023 19
East Asia & Pacific Lower-middle Viet Nam 2000-2023 22

South Asia Lower-middle Bangladesh 2000-2023 23

South Asia Lower-middle Bhutan 2000-2023 23

South Asia Lower-middle India 2000-2023 24

South Asia Upper-middle Maldives 2000-2023 22

South Asia Lower-middle Nepal 2000-2023 22

South Asia Lower-middle Pakistan 2000-2023 22

South Asia Lower-middle Sri Lanka 2000-2023 22

Europe & Central Asia Upper-middle Albania 2000-2023 23
Europe & Central Asia Upper-middle Armenia 2000-2023 23
Europe & Central Asia Upper-middle Azerbaijan 2000-2023 23
Europe & Central Asia Upper-middle Belarus 2000-2023 23
Europe & Central Asia Upper-middle Georgia 2000-2023 23
Europe & Central Asia Upper-middle Kazakhstan 2000-2023 24
Europe & Central Asia Lower-middle Kyrgyz Republic 2000-2023 22
Europe & Central Asia Upper-middle Moldova 2000-2023 22
Europe & Central Asia Upper-middle North Macedonia 2000-2023 22
Europe & Central Asia Upper-middle Serbia 2000-2023 22
Europe & Central Asia Upper-middle Tiirkiye 2000-2023 24
Europe & Central Asia Lower-middle Ukraine 2000-2023 19
Europe & Central Asia Lower-middle Uzbekistan 2000-2023 22
Middle East & North Africa Upper-middle Algeria 2000-2023 23
Middle East & North Africa Lower-middle Egypt, Arab Rep. 2000-2023 23
Middle East & North Africa Lower-middle Iran, Islamic Rep. 2000-2023 23
Middle East & North Africa Upper-middle Iraq 2000-2023 23
Middle East & North Africa Lower-middle Jordan 2000-2023 23
Middle East & North Africa Lower-middle Lebanon 2000-2023 19

(Continued)



30

Energy Eng. 2027;124(1):9

Table Al (continued)

World Bank Region Income Class Economy Maximum Period  Usable Years
Middle East & North Africa Lower-middle Morocco 2000-2023 22
Middle East & North Africa Lower-middle Tunisia 2000-2023 22
Middle East & North Africa Lower-middle West Bank and Gaza 2000-2023 18
Middle East & North Africa Low Yemen, Rep. 2000-2023 18
Latin America & Caribbean Upper-middle Argentina 2000-2023 24
Latin America & Caribbean Lower-middle Bolivia 2000-2023 23
Latin America & Caribbean Upper-middle Brazil 2000-2023 24
Latin America & Caribbean Upper-middle Colombia 2000-2023 24
Latin America & Caribbean Upper-middle Costa Rica 2000-2023 23
Latin America & Caribbean Upper-middle Dominican Republic 2000-2023 23
Latin America & Caribbean Upper-middle Ecuador 2000-2023 23
Latin America & Caribbean Upper-middle El Salvador 2000-2023 23
Latin America & Caribbean Upper-middle Guatemala 2000-2023 23
Latin America & Caribbean Lower-middle Honduras 2000-2023 23
Latin America & Caribbean Upper-middle Jamaica 2000-2023 23
Latin America & Caribbean Upper-middle Mexico 2000-2023 24
Latin America & Caribbean Lower-middle Nicaragua 2000-2023 22
Latin America & Caribbean Upper-middle Paraguay 2000-2023 22
Latin America & Caribbean Upper-middle Peru 2000-2023 22
Latin America & Caribbean Upper-middle Suriname 2000-2023 22
Latin America & Caribbean Upper-middle Venezuela, RB 2000-2023 18

Sub-Saharan Africa Lower-middle Angola 2000-2023 23
Sub-Saharan Africa Lower-middle Benin 2000-2023 23
Sub-Saharan Africa Upper-middle Botswana 2000-2023 23
Sub-Saharan Africa Low Burkina Faso 2000-2023 23
Sub-Saharan Africa Lower-middle Cameroon 2000-2023 23
Sub-Saharan Africa Lower-middle Cote d'Ivoire 2000-2023 23
Sub-Saharan Africa Low Ethiopia 2000-2023 19
Sub-Saharan Africa Lower-middle Ghana 2000-2023 23
Sub-Saharan Africa Lower-middle Kenya 2000-2023 23
Sub-Saharan Africa Low Madagascar 2000-2023 22
Sub-Saharan Africa Low Malawi 2000-2023 22
Sub-Saharan Africa Low Mali 2000-2023 22
Sub-Saharan Africa Low Mozambique 2000-2023 19
Sub-Saharan Africa Upper-middle Namibia 2000-2023 22
Sub-Saharan Africa Low Niger 2000-2023 19
Sub-Saharan Africa Lower-middle Nigeria 2000-2023 22
Sub-Saharan Africa Low Rwanda 2000-2023 22
Sub-Saharan Africa Lower-middle Senegal 2000-2023 22
Sub-Saharan Africa Upper-middle South Africa 2000-2023 24
Sub-Saharan Africa Lower-middle Tanzania 2000-2023 22
Sub-Saharan Africa Low Uganda 2000-2023 22
Sub-Saharan Africa Lower-middle Zambia 2000-2023 22

Note: Income classification follows the World Bank groupings. The maximum period denotes the common observa-
tion window; usable years denote country-specific coverage after source-specific missingness.

References

1. Bellemare MF. Rising food prices, food price volatility, and social unrest. Am J Agric Econ. 2015;97(1):1-21. doi:10.
1093/ajae/aau038.

2. Godfray HCJ, Beddington JR, Crute IR, Haddad L, Lawrence D, Muir JF, et al. Food security: the challenge of
feeding 9 billion people. Science. 2010;327(5967):812-818. doi:10.1126/science.1185383.


https://doi.org/10.1093/ajae/aau038
https://doi.org/10.1093/ajae/aau038
https://doi.org/10.1126/science.1185383

Energy Eng. 2027;124(1):9 31

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Foley JA, Ramankutty N, Brauman KA, Cassidy ES, Gerber JS, Johnston M, et al. Solutions for a cultivated planet.
Nature. 2011;478(7369):337-42. doi:10.1038/naturel0452.

Wheeler T, von Braun J. Climate change impacts on global food security. Science. 2013;341(6145):508-13. doi:10.
1126/science.1239402.

IPCC. Climate change 2022: impacts, adaptation and vulnerability. Contribution of working group II to the sixth
assessment report of the intergovernmental panel on climate change. Cambridge, UK: Cambridge University Press;
2022.

Agci Y, Ucar E, Ucar M, Acci RC. Evaluating the relationship between climate change, food prices, and poverty:
empirical evidence from underdeveloped countries. Environ Dev Sustain. 2025;27(11):28061-85. doi:10.1007/
s10668-024-05611-4.

Abbott PC, Hurt C, Tyner WE. What's driving food prices? Oak Brook, IL, USA: Farm Foundation; 2008.
Mitchell D. A note on rising food prices. Washington, DC, USA: World Bank; 2008.

Baffes ], Haniotis T. Placing the 2006/08 commodity price boom into perspective. Washington, DC, USA: The
World Bank; 2010.

Gilbert CL. How to understand high food prices. ] Agric Econ. 2010;61(2):398-425. doi:10.1111/j.1477-9552.2010.
00248 .x.

Headey D, Fan S. Anatomy of a crisis: the causes and consequences of surging food prices. Agric Econ.
2008;39(s1):375-91. doi:10.1111/j.1574-0862.2008.00345 .

Tadesse G, Algieri B, Kalkuhl M, von Braun J. Drivers and triggers of international food price spikes and volatility.
Food Policy. 2014;47(8):117-28. d0i:10.1016/j.foodpol.2013.08.014.

Wright BD. The economics of grain price volatility. Appl Econ Perspect Policy. 2011;33(1):32-58. doi:10.1093/aepp/
ppq033.

Rosegrant MW. Biofuels and grain prices: impacts and policy responses. Washington, DC, USA: International
Food Policy Research Institute; 2008.

Serra T, Zilberman D. Biofuel-related price transmission literature: a review. Energy Econ. 2013;37(2011):141-51.
doi:10.1016/j.eneco0.2013.02.014.

Zhang Z, Lohr L, Escalante C, Wetzstein M. Food versus fuel: what do prices tell us? Energy Policy. 2010;
38(1):445-51. doi:10.1016/j.enpol.2009.09.034.

Zilberman D, Hochman G, Rajagopal D, Sexton S, Timilsina G. The impact of biofuels on commodity food prices:
assessment of findings. Am ] Agric Econ. 2013;95(2):275-81. doi:10.1093/ajae/aas037.

Fargione ], Hill ], Tilman D, Polasky S, Hawthorne P. Land clearing and the biofuel carbon debt. Science.
2008;319(5867):1235-8. doi:10.1126/science.1152747.

Searchinger T, Heimlich R, Houghton RA, Dong F, Elobeid A, Fabiosa J, et al. Use of U.S. croplands for biofuels
increases greenhouse gases through emissions from land-use change. Science. 2008;319(5867):1238-40. doi:10.1126/
science.1151861.

Pimentel D, Marklein A, Toth MA, Karpoft MN, Paul GS, McCormack R, et al. Food versus biofuels: environmental
and economic costs. Hum Ecol. 2009;37(1):1-12. d0i:10.1007/s10745-009-9215-8.

Hoff H. Understanding the nexus. Background paper for the Bonn2011 Conference: the water, energy and food
security nexus. Stockholm, Sweden: Stockholm Environment Institute; 2011.

Bazilian M, Rogner H, Howells M, Hermann S, Arent D, Gielen D, et al. Considering the energy, water and food
nexus: towards an integrated modelling approach. Energy Policy. 2011;39(12):7896-906. doi:10.1016/j.enpol.2011.
09.039.

D’Odorico P, Davis KF, Rosa L, Carr JA, Chiarelli D, DellAngelo J, et al. The global food-energy-water nexus. Rev
Geophys. 2018;56(3):456-531. d0i:10.1029/2017rg000591.

Conway D, van Garderen EA, Deryng D, Dorling S, Krueger T, Landman W, et al. Climate and southern Africa’s
water—energy—food nexus. Nat Clim Change. 2015;5(9):837-46. doi:10.1038/nclimate2735.

Biggs EM, Bruce E, Boruft B, Duncan JMA, Horsley J, Pauli N, et al. Sustainable development and the water-
energy-food nexus: a perspective on livelihoods. Environ Sci Policy. 2015;54:389-97. doi:10.1016/j.envsci.2015.0
8.002.


https://doi.org/10.1038/nature10452
https://doi.org/10.1126/science.1239402
https://doi.org/10.1126/science.1239402
https://doi.org/10.1007/s10668-024-05611-4
https://doi.org/10.1007/s10668-024-05611-4
https://doi.org/10.1111/j.1477-9552.2010.00248.x
https://doi.org/10.1111/j.1477-9552.2010.00248.x
https://doi.org/10.1111/j.1574-0862.2008.00345.x
https://doi.org/10.1016/j.foodpol.2013.08.014
https://doi.org/10.1093/aepp/ppq033
https://doi.org/10.1093/aepp/ppq033
https://doi.org/10.1016/j.eneco.2013.02.014
https://doi.org/10.1016/j.enpol.2009.09.034
https://doi.org/10.1093/ajae/aas037
https://doi.org/10.1126/science.1152747
https://doi.org/10.1126/science.1151861
https://doi.org/10.1126/science.1151861
https://doi.org/10.1007/s10745-009-9215-8
https://doi.org/10.1016/j.enpol.2011.09.039
https://doi.org/10.1016/j.enpol.2011.09.039
https://doi.org/10.1029/2017rg000591
https://doi.org/10.1038/nclimate2735
https://doi.org/10.1016/j.envsci.2015.08.002
https://doi.org/10.1016/j.envsci.2015.08.002

32

26.

27.

28.

29.

30.

3L

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

Energy Eng. 2027;124(1):9

Rasul G, Sharma B. The nexus approach to water—energy-food security: an option for adaptation to climate change.
Clim Policy. 2016;16(6):682-702. d0i:10.1080/14693062.2015.1029865.

Mondal K, Chatterjee C, Singh R. Examining the coupling and coordination of water-energy-food nexus at a sub-
national scale in India-insights from the perspective of sustainable development goals. Sustain Prod Consum.
2023;43(2):140-54. doi:10.1016/j.spc.2023.10.020.

Mondal K, Chatterjee C, Singh R. An analytical framework for state level water-energy-food nexus analysis in
India: insight from implemented policies. Environ Sci Policy. 2023;141(8):33-49. doi:10.1016/j.envsci.2022.12.018.
Yan Y, Ma D, Li C, Hu C, Deng P, Chang R, et al. Under the sustainable development goals: a research on the
coupling coordination relationship of water-energy-food globally. Energy Econ. 2025;150:108873. doi:10.1016/j.
eneco.2025.108873.

Zhang P, Fu Y, Lu B, Li H, Qu Y, Ibrahim H, et al. Coupling coordination evaluation and optimization of water—
energy—food system in the Yellow River Basin for sustainable development. Systems. 2025;13(4):278. doi:10.3390/
systems13040278.

He B, Zheng H, Guan Q. Toward revolutionizing water-energy-food nexus composite index model: from
availability, accessibility, and governance. Front Water. 2024;6:1338534. doi:10.3389/frwa.2024.1338534.

Endo A, Tsurita I, Burnett K, Orencio PM. A review of the current state of research on the water, energy, and food
nexus. ] Hydrol Reg Stud. 2017;11(1):20-30. doi:10.1016/j.ejrh.2015.11.010.

Albrecht TR, Crootof A, Scott CA. The water-energy-food nexus: a systematic review of methods for nexus
assessment. Environ Res Lett. 2018;13(4):043002. d0i:10.1088/1748-9326/aaa9c6.

Albrecht TR, Scott CA. The water-energy-food nexus: outlook on opportunities and challenges. In: Handbook on
the governance and politics of water resources. Cheltenham, UK: Edward Elgar Publishing; 2024. p. 143-57.
Allouche J. Nexus framing of sustainability issues: feasibility, synergies, and trade-offs in terms of water-energy-
food. Annu Rev Environ Resour. 2024;49(1):501-18. doi:10.1146/annurev-environ-112321-112445.

Nazlioglu S, Soytas U. Oil price, agricultural commodity prices, and the dollar: a panel cointegration and causality
analysis. Energy Econ. 2012;34(4):1098-104. doi:10.1016/j.enec0.2011.09.008.

Reboredo JC. Do food and oil prices co-move? Energy Policy. 2012;49(4):456-67. doi:10.1016/j.enpol.2012.06.035.
Aitchison J. The statistical analysis of compositional data. ] R Stat Soc Ser B Stat Methodol. 1982;44(2):139-60.
doi:10.1111/j.2517-6161.1982.tb01195..x.

Arellano M, Bond S. Some tests of specification for panel data: Monte Carlo evidence and an application to
employment equations. Rev Econ Stud. 1991;58(2):277-297. doi:10.2307/2297968.

Blundell R, Bond S. Initial conditions and moment restrictions in dynamic panel data models. ] Econ.
1998;87(1):115-43. doi:10.1016/S0304-4076(98)00009-8.

Roodman D. How to do Xtabond2: an introduction to difference and system GMM in stata. Stata J.
2009;9(1):86-136. d0i:10.1177/1536867x0900900106.

Pesaran MH. Estimation and inference in large heterogeneous panels with a multifactor error structure. Econo-
metrica. 2006;74(4):967-1012. doi:10.1111/j.1468-0262.2006.00692.x.

Chudik A, Pesaran MH. Common correlated effects estimation of heterogeneous dynamic panel data models with
weakly exogenous regressors. ] Econ. 2015;188(2):393-420. doi:10.1016/j.jeconom.2015.03.007.

Ringler C, Bhaduri A, Lawford R. The nexus across water, energy, land and food (WELF): potential for improved
resource use efficiency? Curr Opin Environ Sustain. 2013;5(6):617-24. doi:10.1016/j.cosust.2013.11.002.

Ali SM, Acquaye A. An examination of water-energy-food nexus: from theory to application. Renew Sustain
Energy Rev. 2024;202(4):114669. doi:10.1016/j.rser.2024.114669.

Herrera-Franco G, Bravo-Montero L, Caicedo-Potosi J, Carrién-Mero P. A sustainability approach between the
water—energy—food nexus and clean energy. Water. 2024;16(7):1017. doi:10.3390/w16071017.

Al-Saidi M, Hussein H. The water-energy-food nexus and COVID-19: towards a systematization of impacts and
responses. Sci Total Environ. 2021;779(5):146529. doi:10.1016/j.scitotenv.2021.146529.

He J, Osabohien R, Yin W, Adeleke OK, Uduma K, Agene D, et al. Green economic growth, renewable energy and
food security in Sub-Saharan Africa. Energy Strategy Rev. 2024;55(1):101503. doi:10.1016/j.esr.2024.101503.


https://doi.org/10.1080/14693062.2015.1029865
https://doi.org/10.1016/j.spc.2023.10.020
https://doi.org/10.1016/j.envsci.2022.12.018
https://doi.org/10.1016/j.eneco.2025.108873
https://doi.org/10.1016/j.eneco.2025.108873
https://doi.org/10.3390/systems13040278
https://doi.org/10.3390/systems13040278
https://doi.org/10.3389/frwa.2024.1338534
https://doi.org/10.1016/j.ejrh.2015.11.010
https://doi.org/10.1088/1748-9326/aaa9c6
https://doi.org/10.1146/annurev-environ-112321-112445
https://doi.org/10.1016/j.eneco.2011.09.008
https://doi.org/10.1016/j.enpol.2012.06.035
https://doi.org/10.1111/j.2517-6161.1982.tb01195.x
https://doi.org/10.2307/2297968
https://doi.org/10.1016/S0304-4076(98)00009-8
https://doi.org/10.1177/1536867x0900900106
https://doi.org/10.1111/j.1468-0262.2006.00692.x
https://doi.org/10.1016/j.jeconom.2015.03.007
https://doi.org/10.1016/j.cosust.2013.11.002
https://doi.org/10.1016/j.rser.2024.114669
https://doi.org/10.3390/w16071017
https://doi.org/10.1016/j.scitotenv.2021.146529
https://doi.org/10.1016/j.esr.2024.101503

Energy Eng. 2027;124(1):9 33

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Althani NA, Elzaki RM, Alzahrani F. Food security-renewable energy nexus: innovations and shocks in Saudi
Arabia. Foods. 2025;14(10):1797. d0i:10.3390/foods14101797.

Daher BT, Mohtar RH. Water—energy-food (WEF) nexus tool 2.0: guiding integrative resource planning and
decision-making. Water Int. 2015;40(5-6):748-71. doi:10.1080/02508060.2015.1074148.

Simpson GB, Jewitt GPW. The development of the water-energy-food nexus as a framework for achieving resource
security: a review. Front Environ Sci. 2019;7:8. doi:10.3389/fenvs.2019.00008.

Li N, Agene D, Gu L, Osabohien R, Jaaffar AH. Promoting clean energy adoption for enhanced food security in
Africa. Front Sustain Food Syst. 2024;8:1269160. doi:10.3389/fsufs.2024.1269160.

FAO. FAOSTAT statistical database [Internet]. Rome, Italy: Food and Agriculture Organization of the United
Nations; 2024 [cited 2026 Aug 24]. Available from: https://www.fao.org/statistics/en.

IEA. World energy balances [Internet]. Paris, France: International Energy Agency; 2024 [cited 2026 Aug 24].
Available from: https://www.iea.org/data-and-statistics/data- product/world-energy-balances.

IRENA. Power capacity and generation statistics [Internet]. Abu Dhabi, United Arab Emirates: International
Renewable Energy Agency; 2024 [cited 2026 Aug 24]. Available from: https://pxweb.irena.org/pxweb/en/
IRENASTAT.

World Bank. World development indicators [Internet]. Washington, DC, USA: World Bank; 2024 [cited 2026 Aug
24]. Available from: https://databank.worldbank.org/source/world-development-indicators.

Cafiero C, Viviani S, Nord M. Food security measurement in a global context: the food insecurity experience scale.
Measurement. 2018;116(2):146-52. d0i:10.1016/j.measurement.2017.10.065.

FAO, IFAD, UNICEE, WFP, WHO. The state of food security and nutrition in the world 2023: urbanization,
agrifood systems transformation and healthy diets across the rural-urban continuum. Rome, Italy: FAO; 2023.
doi:10.4060/cc3017en.

Egozcue JJ, Pawlowsky-Glahn V, Mateu-Figueras G, Barcel6-Vidal C. Isometric logratio transformations for
compositional data analysis. Math Geol. 2003;35(3):279-300. doi:10.1023/A:1023818214614.

Hansen BE. Threshold effects in non-dynamic panels: estimation, testing, and inference. ] Econ. 1999;93(2):345-68.
doi:10.1016/S0304-4076(99)00025-1.

Seo MH, Shin Y. Dynamic panels with threshold effect and endogeneity. ] Econ. 2016;195(2):169-86. doi:10.1016/j.
jeconom.2016.03.005.

Shin Y, Yu B, Greenwood-Nimmo M. Modelling asymmetric cointegration and dynamic multipliers in a nonlinear
ARDL framework. In: Festschrift in honor of Peter Schmidt: econometric methods and applications. New York,
NY, USA: Springer; 2014. p. 281-314.

Koenker R. Quantile regression for longitudinal data. ] Multivar Anal. 2004;91(1):74-89. d0i:10.1016/j.jmva.2004.
05.006.

Machado JAF, Santos Silva JMC. Quantiles via moments. ] Econ. 2019;213(1):145-73. d0i:10.1016/j.jeconom.2019.
04.0009.

Gonzalez A, Terdsvirta T, van Dijk D. Panel smooth transition regression models. Stockholm, Sweden: Stockholm
School of Economics; 2005. SSE/EFI Working Paper Series in Economics and Finance, No. 604.

Gonzélez A, Terdsvirta T, van Dijk D, Yang Y. Panel smooth transition regression models. Aarhus, Denmark:
Aarhus University, Department of Economics and Business Economics; 2017. CREATES Research Paper No.
2017-36.

Terésvirta T. Specification, estimation, and evaluation of smooth transition autoregressive models. ] Am Stat Assoc.
1994;89(425):208-18. d0i:10.1080/01621459.1994.10476462.

Hasan MM, Adnan ATM. Nexus between environmental sustainability, energy intensity and food security:
evidence from emerging economies. ] Bus Socio Econ Dev. 2025;5(2):139-54. doi:10.1108/jbsed-05-2023-0044.
Windmeijer F. A finite sample correction for the variance of linear efficient two-step GMM estimators. ] Econ.
2005;126(1):25-51. doi:10.1016/j.jeconom.2004.02.005.

Pesaran MH. General diagnostic tests for cross section dependence in panels. Cambridge, UK: University of
Cambridge; 2004.


https://doi.org/10.3390/foods14101797
https://doi.org/10.1080/02508060.2015.1074148
https://doi.org/10.3389/fenvs.2019.00008
https://doi.org/10.3389/fsufs.2024.1269160
https://www.fao.org/statistics/en
https://www.iea.org/data-and-statistics/data-product/world-energy-balances
https://pxweb.irena.org/pxweb/en/IRENASTAT
https://pxweb.irena.org/pxweb/en/IRENASTAT
https://databank.worldbank.org/source/world-development-indicators
https://doi.org/10.1016/j.measurement.2017.10.065
https://doi.org/10.4060/cc3017en
https://doi.org/10.1023/A:1023818214614
https://doi.org/10.1016/S0304-4076(99)00025-1
https://doi.org/10.1016/j.jeconom.2016.03.005
https://doi.org/10.1016/j.jeconom.2016.03.005
https://doi.org/10.1016/j.jmva.2004.05.006
https://doi.org/10.1016/j.jmva.2004.05.006
https://doi.org/10.1016/j.jeconom.2019.04.009
https://doi.org/10.1016/j.jeconom.2019.04.009
https://doi.org/10.1080/01621459.1994.10476462
https://doi.org/10.1108/jbsed-05-2023-0044
https://doi.org/10.1016/j.jeconom.2004.02.005

34

71.

72.

73.

74.

75.

76.

77.

78.

79.

Energy Eng. 2027;124(1):9

Pesaran MH, Yamagata T. Testing slope homogeneity in large panels. ] Econ. 2008;142(1):50-93. doi:10.1016/j.
jeconom.2007.05.010.

Levin A, Lin CE Chu CSJ. Unit root tests in panel data: asymptotic and finite-sample properties. ] Econ.
2002;108(1):1-24. doi:10.1016/S0304-4076(01)00098-7.

Im KS, Pesaran MH, Shin Y. Testing for unit roots in heterogeneous panels. ] Econ. 2003;115(1):53-74. doi:10.1016/
$0304-4076(03)00092-7.

Pesaran MH. A simple panel unit root test in the presence of cross-section dependence. J Appl Econ.
2007;22(2):265-312. d0i:10.1002/jae.951.

Pedroni P. Panel cointegration: asymptotic and finite sample properties of pooled time series tests with an
application to the PPP hypothesis. Econ Theory. 2004;20(3):597-625. d0i:10.1017/50266466604203073.
Westerlund J. Testing for error correction in panel data. Oxf Bull Econ Stat. 2007;69(6):709-48. doi:10.1111/j.1468-
0084.2007.00477.x.

Driscoll JC, Kraay AC. Consistent covariance matrix estimation with spatially dependent panel data. Rev Econ
Stat. 1998;80(4):549-60. doi:10.1162/003465398557825.

Zhang C. Dynamics of energy and biofuel markets in the context of rising oil prices. Agribusiness.
2024;40(4):866-84. doi:10.1002/agr.21849.

Schmitt RJP, Rosa L. Dams for hydropower and irrigation: trends, challenges, and alternatives. Renew Sustain
Energy Rev. 2024;199(10):114439. do0i:10.1016/j.rser.2024.114439.


https://doi.org/10.1016/j.jeconom.2007.05.010
https://doi.org/10.1016/j.jeconom.2007.05.010
https://doi.org/10.1016/S0304-4076(01)00098-7
https://doi.org/10.1016/S0304-4076(03)00092-7
https://doi.org/10.1016/S0304-4076(03)00092-7
https://doi.org/10.1002/jae.951
https://doi.org/10.1017/s0266466604203073
https://doi.org/10.1111/j.1468-0084.2007.00477.x
https://doi.org/10.1111/j.1468-0084.2007.00477.x
https://doi.org/10.1162/003465398557825
https://doi.org/10.1002/agr.21849
https://doi.org/10.1016/j.rser.2024.114439

	Energy Portfolios and Food Security in Developing Countries: A Water--Energy--Food Nexus Analysis Using Panel Smooth Transition Regression
	1 Introduction
	2 Theoretical Framework
	3 Method
	4 Results
	5 Discussion
	6 Conclusion and Policy Implications
	Appendix A Sample Composition
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


