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Food security is often linked to economic exchange, but it involves broader dynamics and can also be achieved
through non-market pathways. Recognizing this complexity, the Emergy Exchange Ratio (EER) was proposed—a
ratio between the emergy of food acquired and that of money spent—as a complementary indicator to assess food
security. In this study, we examined the relationship between the EER and the four dimensions of food security
using indicators from the Global Food Security Index (GFSI). Machine learning models, particularly Ridge
Regression, were employed to predict EER values for Brazil from 2012 to 2022. The Ridge model showed strong
performance (R? = 0.89; MAE = 0.035), indicating good explanatory power. Among 25 GFSI indicators, “food
security and access policy commitments” (~16 %) and “sufficiency of supply” (~14 %) were the top predictors of
EER variation. These results suggest that the EER is sensitive to public policies and food supply dynamics,
indicating its relationship with food security. Limitations include the focus on Brazilian data and data quality

constraints. Still, EER offers a systemic, biophysical lens on food access grounded in Odum’s emergy theory.

1. Introduction

Food security has been one of the most crucial global challenges,
especially in the face of a growing world population and ecological,
social and economic pressures (Ghosh et al., 2024). According to a study
carried out by the Food and Agriculture Organization of the United
Nations (FAO) in 2019, food insecurity has increased significantly in
recent years, resulting in almost 690 million people affected by hunger
around the world, and of these, a further 122 million people have fallen
into hunger due to muliple crises (WHO, 2023). Factors such as climate
change, global warming, declining arable land and social conflicts have
generated significant impacts on food production, distribution, storage
and consumption (Vaidya et al., 2024) and consequently these issues
pose significant threats to food security across the planet. Thus, ensuring
that all people have physical and economic access to nutritious and
sufficient food at all times is a fundamental political objective (FAO,
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IFAD, UNICEF, 2024).

Agriculture, a key sector in primary production, plays a vital role in
strengthening food security by ensuring a stable and improved food
supply (Alam et al., 2023). However, food production requires a sig-
nificant flow of natural and economic resources, whose consumption
and environmental impact need to be rigorously assessed (Radtke et al.,
2024). In this context, selecting an appropriate method to assess a food
situation and its influencing factors poses a significant challenge for
researchers, as ecologically unequal exchanges create disparities and
drive the disproportionate consumption of environmental space, both in
external and internal markets (Corsi et al., 2024). According to the
scientific literature, various assessment methods have been employed to
evaluate food production and/or consumption with the aim of pro-
moting sustainability and food security. These include approaches such
as the ecological footprint (Li et al., 2019) and water consumption
modelling (Wang et al., 2020). While these methods are valuable, they
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also present limitations that are difficult to overcome, particularly when
applied across diverse ecological, economic, and social contexts, as well
as in efforts to address their integrative dimensions (Jia and Zhen,
2021). In turn, emergy accounting presents itself as an environmental
accounting tool, capable of quantifying cumulative environmental
support and resource use in production systems. (Odum, 1996). Ac-
cording to Jia and Zhen (2021), emergy accounting can measure the true
value of products and services from the natural ecosystem, social system,
and economic system, where different forms of resources with different
units are present.

Some studies suggest using emergy accounting to assess food secu-
rity. Alam et al. (2023) combined Pareto analysis, fuzzy theory, total
interpretive structural modelling (TISM) and Matriced’ Impacts Cruoses
Multiplication Applique a un Classement (MICMAC) analysis to classify,
evaluate and analyze the hierarchical relationships between the drivers
of Agriculture 4.0 in Bangladesh. According to Yuan et al. (2023),
emergy accounting can be used as a quantitative method to study the
efficiency of material and energy flows, such as resource inputs and food
outputs from the system. Gasparatos (2011) discusses how different
sustainability assessment methods, such as emergy indicators, can cap-
ture the complexity of food systems, although he emphasizes the need
for indicators that are more applicable at the local and subsistence scale.
Skaf et al. (2019) also emphasize the importance of emergy-based in-
dicators for public policy, highlighting their usefulness in assessing
agricultural production and supporting decision-making for sustainable
food systems. Other works have used emergy to evaluate aspects related
to food security, such as the maintenance of agroecosystems and the
production of specific crops, providing subsidies for the formulation of
public policies (Agostinho et al., 2019; Mwambo et al., 2020; Zhao et al.,
2019).

Latin America and the Caribbean are severely affected by food
insecurity, as most of the region’s food production factors are geared
towards the production of commodities for the foreign market (e.g. Asia,
Europe, and North America)(Hernandez-Pérez et al., 2025). Recently,
Nacimento et al. (2025) proposed a framework connecting the concepts
of emergy using the Emergy Exchange Ratio (EER) to food security in
Brazil. The central premise suggests that imbalances in the EER could be
associated with food insecurity, since exchanges can hinder access to
food, especially among vulnerable populations. Other studies have also
used the EER as a direct or indirect measure of food security. Amiri et al.
(2022) examined the benefits of the environmental support of native
wetlands for the proper management of cattle herds and concluded that
environmental support improved food security and promoted economic
and social development in the regions analyzed. Bian and Liu (2024)
focused their studies on circular agriculture inspired by natural
ecological cycles and found that EER is an efficient and essential indi-
cator for assessing the economic viability of agricultural enterprises and
that this contributes to food security. Turim et al. (2025) provided
valuable insights for assessing the environmental impacts of various
dietary patterns by comparing six proposed diets with Brazilian food
consumption patterns.

Food security is shaped by purchasing power at both household and
national levels. Because purchasing power depends on economic growth
and on how income and resources are distributed, food security and
equity are intrinsically connected (FAO, 2025a, 2003). Regarding the
equity, according to Odum, the real wealth of a nation, product, or
process is not defined by its market price, but rather by the amount of
solar emergy (or total baseline emergy) required for its production. As
he stated: "All wealth ultimately comes from nature—from the energy
transformed into goods, services, and structures" (Odum, 1996). In line
with this view, the EER provides a quantitative expression of Odum’s
foundational proposition by evaluating the real wealth exchanged be-
tween buyers and sellers. By assessing the balance of emergy in ex-
changes, the EER can reveal which parties are effectively gaining or
losing in biophysical terms, independent of monetary valuations or
financial flows. This insight, originally proposed by Odum, has been
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consistently reinforced by recent advances in emergy research, partic-
ularly in studies analyzing exchange systems. These studies demonstrate
how biophysical accounting can reveal asymmetries in trade that remain
undetected through conventional economic analysis (Brown and Ulgiati,
2004; Nacimento et al., 2023; Ulgiati and Brown, 2001). From this
perspective, the greater the emergy embedded in a product or service,
the greater its biophysical contribution to the system. This reasoning
extends beyond macroeconomic contexts and is also observable in
everyday transactions — for example, when households purchase a bas-
ket of food: although the transaction is mediated by money, the un-
derlying ecological cost is determined by the emergy required for the
production, transportation, and availability of those goods (Nacimento
et al., 2025).

This study aims to explore the relation between the Emergy Ex-
change Ratio (EER) and the dimensions of food security by analyzing the
former’s connection with conventional food security metrics. Specif-
ically, it investigates whether biophysical imbalances identified through
EER can reflect underlying dynamics of food access, availability, and
equity, thereby contributing to the development of more integrative and
ecologically grounded approaches to food security assessment.

2. Method

This study adopted an exploratory assessment based on features se-
lection techniques. Commonly, feature selection aims to identify fea-
tures that provide the highest ranking in terms of target variable
prediction benefit, thus allowing the exclusion of features which are
unnecessary (Doreswamy and Nigus, 2020). As advantageous, feature
selection can increase learning performance, decrease computing costs
and contribute to a clearer understanding of the model (Miao and Niu,
2016). Several studies have used feature selection techniques in various
fields of knowledge (Akyap, 2023; Osman et al., 2017; Shafi et al.,
2023). As an example, Fahimifar et al. (2023), studying external factors
that are not directly related to the study’s quality, identified six factors
that seem to be the most relevant for studying quality among the 50
observed features. Specifically in the food security topic, Coelho da Silva
etal. (2025) pointed out 17 in 29 original features that could be retained
as the most relevant, relating to public services (5 features), employment
and in-come (4 features), and housing (8 features).

In the case of this study, we consider a scenario in which the GFSI
indicators are used as input features for modeling EER using Ridge
regression. This setup allows us to gauge the extent to which food se-
curity indicators explain the variance in emergy exchange, and it also
serves as a framework to assess the relative influence of each dimension
of food security with respect to EER by means of a feature importance
analysis. Therefore, the hypothesis of this experiment can be stated as
follows: if a relationship exists between the dimensions of food security
and the emergy associated with both food acquisition and monetary
expenditure—such that situations of food insecurity are reflected in
variations of the emergy exchange ratio (EER)—then it should be
possible to quantify the relative influence of these food security di-
mensions on the EER using the proposed regression model. Conversely,
if the regression model fails to adequately explain the variation in
EER—as indicated by performance metrics such as R?, RMSE, and
MAE—or if key food security indicators do not meaningfully contribute
to the estimation of EER (as determined by feature importance analysis),
we may infer that the hypothesized relationship is not significant.

Naturally, given the plurality of factors that influence EER, limita-
tions in modeling accuracy should be expected. Likewise, since the data
for validating our claims represents only the Brazilian situation over a
given period, feature importance should be considered in relation to the
same problem domain.

Conceptually, the strategy adopted in this study to assess the relation
between the EER and food security dimensions was based on the capture
of key features in food security indicators that integrates the Global Food
Security Index (GFSI), a well-accepted framework for assessing food
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security. As the GFSI proposes to evaluate food security from a more in-
depth perspective of food access (Maricic et al., 2016), incorporating an
expert-based weighting scheme (The Economist Group, 2022), and the
EER proposes to estimate food access through exchanges between con-
sumers and the supply chain, specifically between products and money
measured in emergy (Nacimento et al., 2025), it is plausible to suggest
that both indicators share conceptual similarities, despite employing
different methodological approaches.

As a methodology for developing EER predictors, we propose the use
of supervised regression models, in a search strategy based on embedded
methods (Miao and Niu, 2016). The used feature selection methods was
Select From Model (SFM), an embedded method that selects a subset of
features based on their importance scores provided by a classifier
(Coelho da Silva et al., 2025). Thus, a set of scientifically well-accepted
food security indicators were used as variables to predict the EER. 25
composite indicators from GFSI were used (Table-S1 in Supplementary
Material), specifically for Brazil in a framework from 2012 to 2022
(original features) (The Economist Group, 2022). The results of the EER
relating to the purchase of basic food baskets in Brazil were obtained
from scientific literature (Nacimento et al., 2025). No missing values
were observed in either database. The research design shown in Fig. 1

Data collection

Data processing
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involves the key steps.

The first step was to define the best linear regression model between
the EER and the GFSI composite indicators and then to assess the level of
generalization of the resulting model in the task of predicting the EER.
The next step was designed to identify which indicators contributed
most to predicting the EER from the generated model, and in what way.

Thus, this method underscores using advanced computational tech-
niques for start a detection of reasonable features that could relate the
EER with the dimensions for food security.

2.1. Emergy and EER

In Emergy accounting, the equity exchange assessment between
buyers and sellers is related to the real wealth exchanged in money and
product form pointing the relative trade advantage of one partner over
the other (Brown and Ulgiati, 2004). Since real wealth is measured in
terms of emergy, it can be understood that real wealth is the natural
value of goods and services generated by nature and humans. Examples
of real wealth are the products of labor, such as food, clothing, books,
shoes, information, art, technology, health services, minerals, and fuels
(Odum, 1996). Thus, the Emergy Exchange Ratio (EER) is the ratio of

EER from Nacimento et al. (2025)
GFSI composite indicators from
The Economist Impact (2022)

Training dataset

Model
selection*

Use default parameters
and SHAP values
aquisition

Relative
Importance
Variables

Testing dataset

* Ridge regression
LASSO regression
Elastic Net regression

Fig. 1. Research design proposed for the study.
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emergy exchanged in a trade or purchase (what is received to what is
given)(Brown and Ulgiati, 2004). This indicator served as the target
variable and was obtained from Nacimento et al. (2025) (2012-2022).

Nacimento et al. (2025) used the EER as the ratio between the energy
received by consumers in the form of food items (basic food basket) and
delivered (paid) for the acquisition of the product, in the form of money.
Basically, the emergy of the products was obtained by multiplying
Transformity by the amount consumed of the product in question. In
turn, the delivered emergy was obtained from the money paid for the
quantity of the product purchased times the household emergy/money
ratio (EMR). The EMR proposes estimating the effort required by a given
region for a monetary unit to circulate in that region. Similarly, the
household EMR suggested by the authors proposes to estimate the effort
required by a family to generate/circulate a monetary unit. The
household EMR was proposed as the ratio between the minimal emergy
required for social welfare—including food, electricity, natural gas,
solid waste treatment services, and environmental resources—and the
household income received, considering the minimum wage as the in-
come of the largest segment of Brazilian households. For this study, the
EER selected refers to the exchanges made by a household receiving a
minimum wage from 2012 to 2022.

2.2. Global food security index (GFSI)

The choice to compare the EER with the GFSI was due to (i) its ability
to capture all four food security dimensions (Manikas et al., 2023); (ii)
its robustness in relation to the weights used by the experts and the
choice of indicators (Izraelov and Silber, 2019); as well as its widespread
use in assessing food security according to scientific literature (Allee
et al., 2021; Ayinde et al., 2020; Izraelov and Silber, 2019).

The Global Food Security Index (GFSI) is a composite indicator that
monitors national-level food security (Table 1). The GFSI considers four
dimensions: (i) food affordability, (ii) availability, (iii) quality and
safety, and (iv) sustainability and adaptation across 113 countries. The
index is a dynamic quantitative and qualitative benchmarking model
constructed from 68 unique indicators that measure the drivers of food
security across all continents (The Economist Group, 2022). Each pillar
is separated into 25 composite indicators, which group together other
indicators (e.g. 1.4. Agricultural trade = 1.4.1. Agricultural import
tariffs; and 1.4.2. Trade freedom).

The affordability pillar assesses consumers’ capacity to purchase
food, their susceptibility to price fluctuations, and the effectiveness of
policies and programs designed to protect them during economic shocks.
The availability pillar evaluates domestic agricultural production, the
strength of supply chains, the risk of disruptions, and the nation’s ability
to distribute food efficiently, including investment in agricultural
research and infrastructure. The quality and safety pillar examines the
diversity and nutritional value of diets, along with the safety standards
and regulations that ensure food is safe for consumption. Lastly, the
Sustainability and Adaptation pillar considers a country’s exposure to
climate change impacts, its vulnerability to natural resource-related
risks, and its efforts to mitigate and adapt to these environmental
challenges (The Economist Group, 2022).

According to Izraelov and Silber (2019), both the expert weights
used and the choice of indicators comprising the GFSI make it robust.
The detailed list of indicators, containing the source and definitions of
each one, can be found in Table-S2 from Supplementary material.

2.3. Machine learning and food security

Over the years, the best way to assess food security and the tech-
niques to do so have been actively debated (Barrett, 2010; Carletto et al.,
2013). In this context, machine learning and deep learning approaches
have already been considered as food security prediction and
variable-based selection methods (Headey and Ecker, 2012; Westerveld
et al., 2021). Specifically regarding feature selection, Doreswamy and
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Table 1
Pillars and composite indicators included in the Global Food Security Index
(GFSD).
Pillars Composite indicators Primary source(s)
Affordability 1.1) Change in average UN Food and Agriculture
food costs Organisation (FAO)
1.2) Proportion of World Bank (World Development
population under global Indicators)
poverty line
1.3) Inequality- adjusted UN Development Programme
income index (UNDP)
1.4) Agricultural trade Economist Impact calculation
1.5) Food safety net Economist Impact calculation
programmes
Availability 2.1) Access to agricultural ~ Economist Impact calculation
inputs

Quality & Safety

Sustainability &
Adaptation

2.2) Agricultural research
& development

2.3) Farm infrastructure
2.4) Volatility of
agricultural production
2.5) Food loss

2.6) Supply chain
infrastructure

2.7) Sufficiency of supply
2.8) Political and social
barriers to access

2.9) Food security and
access policy
commitments

3.1) Dietary diversity
3.2) Nutritional standards
3.3) Micronutrient
availability

3.4) Protein quality

3.5) Food safety
4.1) Exposure
4.2) Water

4.3) Land

4.4) Oceans, rivers and
lakes

4.5) Political
commitment to
adaptation

4.6) Disaster risk
management

Economist Impact calculation

Economist Impact calculation
UN Food and Agriculture
Organisation (FAO)

UN Food and Agriculture
Organisation (FAO)
Economist Impact calculation

Economist Impact calculation
Economist Impact calculation

Economist Impact calculation
Economist Impact calculation
Economist Impact calculation

Economist Impact calculation

Economist Impact calculation

based on data from the FAO, the

WHO and the USDA Nutrient
Database

Economist Impact calculation
Economist Impact calculation
Economist Impact calculation
Economist Impact calculation
Economist Impact calculation

Economist Impact calculation

Economist Impact calculation

Source: Adapted from The Economist Impact (2022).

Nigus (Doreswamy and Nigus, 2020) explore filter-based criteria as a
means to determine the best indicators for food insecurity classification.
Embedded methods, such as Least Absolute Shrinkage and Selection
Operator (LASSO) regression, have also been used extensively for
selecting food security-related variables (Abbas et al., 2020; Kutty et al.,
2020). This class of variable selection methods combines feature selec-
tion with a model training process (Cai et al., 2018), incorporating
variable selection within the regression algorithm itself. In doing so,
they calculate the importance of features for the training directly and
avoid the extra computational cost of independent feature selection.

The LASSO method is a supervised learning method for linear
regression, and, as such, is suited to our proposed methodology. Besides
its applicability in variable selection, it is a common choice in domains
with massive data sets (Ogutu et al., 2012). LASSO model tends to
choose a set of predictor variables, reducing some coefficients and
bringing the coefficient of other predictor variables to zero. The opti-
mization notation for estimating the LASSO model with L1 penalty is
described as follows:

b = argmin{|y ~Xb |} + 4| bll}

Inwhich || blj; = >°¥_, |b;| is the L1 penalty norm, 4 is the adjustment
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parameter. The L1 norm causes LASSO to regularize the least squares fit
and reduce some components to zeros. The most notable limitation of
the method is related to its behavior in cases where features present
mutual dependencies, particularly collinearity, since the algorithm will
tend to select one codependent variable in detriment of the others,
masquerading the relationship between the discarded variables and the
target.

Ridge regression is the ideal model when the predictor variables are
highly correlated. It is a method for analyzing the data which are
affected by multicollinearity (Muthukrishnan and Rohini, 2016). Ridge
model performs well when there are many predictor variables with small
effects and avoids the coefficients with many correlated variables being
poorly determined and showing high variation. In addition, the Ridge
model reduces the coefficient of correlated variables equally via the
Tikhonov (L2) regularization penalty (Ogutu et al., 2012).

b = argmin{||y—Xb |} +2/b |3}

Inwhich ||y —Xb |5 =30, (vi — xl-Tb)2 is the function loss, x; is the
i th row of matrix X, || b |3 = Y2, b? is the L2 penalty parameter in b, 2
> 0 is the fit parameter associated with the degree of linear reduction
(since A = O refers to ordinary least squares).

In turn, the Elastic Net regression is an extension of the LASSO model
that is resistant to extreme correlations between the predictor variables
(Friedman et al., 2010; Zou and Hastie, 2005). Elastic Net regression
performs simultaneous and automatic variable selection and continuous
reduction. The Elastic Net regression uses L1 (LASSO) and L2 (Ridge)
penalties, and the optimization problem is described as follows

b = argmin{||y = Xb 3 + A blly + I b I}

In which a = 15/(41 +42), solve b= argmin || y — Xb ||3, subject to
(1—a) || bl +a||b|% < tforanyt.

The Elastic Net penalty (1 —a) || bl +a|| b ||3 < tis a convex com-
bination of the LASSO and Ridge penalties. The “Elastic net” model is a
simple regression when @ = 1 and LASSO regression when a = 0. The
adjustment parameter t is determined by cross-validation for given a.
The L1 standard automatically selects variables, while the L2 standard
encourages grouped selection (Ogutu et al., 2012).

2.4. Statistical analysis

Python v.3.12 was used to implement the algorithms, visualize,
manipulate and transform the data, as well as statistical analysis and
predictive modeling. After data collection, the data was first subjected to
an exploratory analysis using descriptive statistics, as well as graphical
visualization of patterns and correlation. For the initial analyses, the
Pandas (v.2.0.0) and NumPy (v.1.24.2) libraries were used for data
manipulation and mathematical operations. For graphical visualiza-
tions, the Seaborn (v.0.12.2), Matplotlib (v.3.7.1) and Plotly (v.5.15.0)
libraries were used, both for the initial visualizations and for plotting the
graphs of the results obtained. The libraries Statsmodels (v.0.14.4),
Statstest, Scipy (v.1.11.0) and Pengouin were used for statistical analysis
and model estimation. The Scikit-learn library (v.1.2.2) was used to
build the machine learning models (LASSO, RIDGE and Elastic Net
models), train, adjust and evaluate the selected model, as well as
auxiliary functions. The selection of model hyperparameters - L1 and L2
regularization penalties as well as their balancing term in the Elastic Net
case - were optimized via grid search in a leave-one-out cross-validation
process. The shap library (0.43.0) was used to calculate SHAP (SHapley
Additive exPlanations) values and generate waterfall plots. In the
waterfall plot (Fig. 3), each bar corresponds to the SHAP value for a
feature in a particular year, with its value shown in front of the bar
(Villacis et al., 2024). The SHAP value quantifies the magnitude of each
feature’s contribution to the model prediction, ranking them. The larger
the SHAP values are, the larger the contribution of the specific feature to
the model outputs, which are the EER predictions (Gholami et al., 2022).
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Positive SHAP values correspond to a positive contribution to the pre-
dictions, and vice-versa. The features are layed out on the y-axis where
they are ordered globally based on their average level of contributions to
the final predictions, according to the corresponding SHAP values for
the entire dataset, collectively. In addition, the performance of the
models was compared using the following metrics: coefficient of deter-
mination (Rz); mean absolute error (MAE); mean square error (MSE);
and root mean square error (RMSE); with MAE being adopted as the
main criterion for choosing the best model.

3. Results and discussion

It is important to state that the following models were used to
correlate GFSI composite indicators to EER, not establish causal infer-
ence among the indicators. The three evaluated models achieved com-
parable performance in terms of prediction accuracy (Table 2). Since
MAE was defined as the standard metric for selecting the best model, the
Ridge regression model, with lowest mean absolute error (MAE = 0.035)
and root mean squared error (RMSE = 0.044), was selected. Its coeffi-
cient of determination (R?) was 0.89. The choice of MAE as the standard
metric for selecting the best model is due to its ability to measure the
average prediction error in the same units as the target; ease of inter-
pretation; and lower sensitivity to outliers, making it a robust and
practical metric for selecting the best performing model. Given the
similar performance of all models in this metric, any of them could have
been selected for the subsequent analysis without compromise, how-
ever, an advantage of choosing Ridge regression lies in this method’s
ability to perform shrinkage of coefficients without eliminating them.
This characteristic allows all features to be kept in the model, including
those whose individual influence is relatively small. This approach is
particularly valuable in multivariate contexts, where subtle effects,
although modest in isolation, can exert significant influence when
considered together. In addition, the preservation of multiple variables,
even with reduced contributions, is especially relevant in situations with
high dimensionality or the presence of multicollinearity, where different
predictors may carry complementary information for explaining food
security.

Based on this result, the next step was to determine the magnitude of
the predictor variable from the best model-based SHAP (SHapley Ad-
ditive exPlanations) value (Fig. 2) using the 25 GFSI composite in-
dicators. 14 features shown contribution >2 %; eight features shown
contribution <2 % and two features had no contribution to model pre-
diction. According to the results, “food security and access policy com-
mitments”, “sufficiency of supply”, “micronutrient availability”; and
“food safety net programmes” shown >48 % of contribution being the
most significant indicators to predict the EER. On the other hand, “di-
etary diversity”; “supply chain infrastructure”; “exposure”; “water”;
“political and social barriers to access™; “ocean, rivers and lakes” did not
make a significant contribution to improve model accuracy (<1 %). This
was not surprising for the current dataset, since these indicators saw no
significant evolution in Brazil within the considered timeframe.

The SHAP values were used to explain how each prediction is ob-
tained. According to Martini et al. (2022), SHAP values make it possible
to explain each predicted prevalence as a value obtained starting from
the average prevalence observed in the training set (baseline) and then
accounting for how much each independent variable contributes to the

Table 2

Models performance.
Model MAE MSE RMSE R?
ElasticNet 0.036 0.0027 0.051 0.89
Lasso 0.042 0.0022 0.047 0.94
Ridge 0.035 0.0019 0.044 0.89

MAE: mean absolute error, MSE: mean square error; RMSE: root mean squared
error.
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Variable Relative Importance

2.9) Food security and access policy commitments
2.7) Sufficiency of supply

3.3) Micronutrient availability

1.5) Food safety net programmes

4.5) Political commitment to adaptation
3.2) Nutritional standards

3.4) Protein quality

1.1) Change in average food costs

2.4) Volatility of agricultural production
2.3) Farm infrastructure

2.2) Agricultural research and development
2.1) Access to agricultural inputs

3.5) Food safety

1.4) Agricultural trade

1.2) Proportion of population under global poverty line
1.3) Inequality-adjusted income index

4.3) Land

3.1) Dietary diversity

2.6) Supply chain infrastructure

4.4) Oceans, rivers and lakes

2.8) Political and social barriers to access
2.5) Food loss

4.1) Exposure

4.2) Water

4 6 8 10 12 14 16
Importance (%)

Fig. 2. Variable relative importance to suggest the EER as a food security indicator based on GFSI composite indicators highlighted by the Ridge regression model.

final prediction by moving the prevalence towards lower or higher
values. Thus, the SHAP values were used to give a comprehensive
highlight of how the variables affect the model’s predictions across the
board (Kassaw et al., 2024). The waterfall plot was used to illustrate the
influence of each feature on EER prediction in the year 2022 (Fig. 3).
The locations of indicators on the plot suggests that 2.7) Sufficiency
of supply; and 2.9) Food security and access policy commitments are
among the top indicators and have contributed significantly to the EER
predictions. Thus, we suggest that, similar to what has been observed in

47.5 = 2.9) Food security and access policy commitments
38.7 = 2.7) Sufficiency of supply

73.2 = 1.5) Food safety net programmes

38 = 1.1) Change in average food costs

63.4 = 3.3) Micronutrient availability

52.9 = 4.6) Disaster risk management

59.7 = 4.5) Political commitment to adaptation

83.6 = 2.1) Access to agricultural inputs

100 = 3.2) Nutritional standards

16 other features

food (in)security dynamics (Gholami et al., 2022), the EER may serve as
an indicator that reflects a phenomenon characterized by covariation
among multiple factors. Also, this result could indicate that the models
are time-specific, and thus they should be retrained for each year in a
time window.

In summary, the importance of each variable in predicting the EER
could be attributed to three key factors: (i) the variable’s capacity to
capture variance in the EER, as reflected in its linear correlation with the
response within the best selected model; (ii) the stability of this

fix) =1.718

1.70

1.75 1.80 1.85 1.90
E[f(X)] =1.938

Fig. 3. Top features for EER prediction among all GFSI composite indicators for the year of 2022. The figure shows bars for each feature (composite indicator),
according to its respective SHAP values. Each bar indicates the contribution of that feature in predicting the deviation of that year’s EER value from its global mean (E
[f(X)1), colored blue for negative and red for positive deviations. The horizontal position of a bar reflects the impact of that value on the model’s prediction, with
larger values on top. Feature names are presented in the y-axis along with their mean absolute SHAP values.
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association in the presence of regularization, indicating resistance to
penalization imposed by the Ridge estimator; and (iii) its individual
contribution after accounting for redundancy with other predictors, i.e.,
its ability to retain explanatory power despite multicollinearity. These
aspects are inherently captured in the estimated coefficients f;, from
which relative importance is derived via quadratic normalization,
expressed as ﬂjz /S ﬂjZ (Hoerl and Kennard, 1970).

3.1. General discussion

Food security is a multi-faceted concept with various definitions and
interpretations. Essentially, it involves two key dimensions: on one
hand, the availability of adequate food supplies at the global and na-
tional levels; on the other hand, access to adequate nutrition and overall
well-being. (FAO, 2003). Achieving food security means ensuring that
sufficient quantities of food are available, that supplies are relatively
stable, and that everyone has access to food. Thus, food security exist
“when all people, at all times, have physical, social and economic access
to sufficient, safe and nutritious food which meets their dietary needs
and food preferences for an active and healthy life”(FAO, 2025b).
Therefore, in our understanding, “access” is the key word that links and
justifies the consideration of EER as a complementary indicator of food
security dynamics..

Mathematically, the EER was related to 22 of the 25 GFSI composite
indicators (Fig. 2) with a greater or lesser contribution, which we believe
highlights the breadth of process dynamics captured by EER. In addition,
the composite indicators that made the greatest contribution to pre-
dicting EER are closely related to consumer access to food. As example,
“food security and access policy commitments” (~16 %) is related to the
food strategy monitoring that would make the food security as a priority,
being related to the food safety policy improvement (e.g. simplification
of access to food markets). Food security and access policy commitments
is an indicator dedicated to analyze food security from a legal perspec-
tive and investigate the permanence of government strategies to combat
food insecurity (Lagodiienko et al., 2022; The Economist Group, 2022).
In turn, “Sufficiency of supply”’(~14 %) is related to the food offer. Also,
it is possible to relate the higher food offer and its impact in the
micronutrients availability(~10 %) (Chae, 2024) as well as changing in
average food costs (~4 %) (Bozi¢ et al., 2023) both related to access to
food acquisition.

When analyzed in conjunction with the GFSI composite indicators,
the EER shown to be sensitive and responsive to strategic variables
distributed among the four dimensions of the GFSI: Affordability,
Availability, Quality and Safety and Sustainability and Adaptation. As
example:

1) Availability pillar: the most important indicators were “Food safety
net programmes”, and “Change in average food costs”. In Brazil, the
EER is related to these indicators especially due to the presence of
social programs (Bolsa Familia Program), which increases purchas-
ing power (Sperandio et al., 2017), improving the food emergy/-
monetary ratio;

2) Affordability: “Food security and access policy commitments”,
“Sufficiency of supply”, “Access to agricultural inputs”, and “Vola-
tility of agricultural production”. The relationship between the EER
and these indicators shows that robust public policies to transfer
income, supply and support agriculture have an impact on prices and
therefore on food access. The availability of agricultural inputs to
farmers also affects supply and therefore food price costs. It can thus
be seen that the EER is sensitive to variables associated with the food
supply side, which mathematically reduces the denominator of the
EER;

3) Quality and safety:the most important indicators were “micro-
nutrient availability” and “protein quality”. Because of their high
nutritional density, these foods improve feed efficiency by favoring
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the exchange of emergy, increasing the numerator of the EER
(Nacimento et al., 2025). This result highlights that food quality (not
just quantity) influences the EER; and

4) Sustainability and adaptation- the most important indicators was
“Political commitment to adaptation”. A stronger political commit-
ment to climate adaptation strengthens the resilience of food systems
(Skaf et al., 2019), stabilizes food supply chains, reducing resource
inefficiencies and price volatility that distort emergy flows. Thus,
effective policies enhance food security by aligning Odum’s emergy
principles with socioeconomic resilience.

Thus, this study has shown that the EER-based indicator has signif-
icant potential as a systemic metric for measuring food security. It could
be able to evaluate food access from the perspective of the energy effi-
ciency of the food system, complementing socio-economic analyses and
conventional food security indicators. Since the concept of food security
suggested by the FAO (1996) covers different dimensions of food secu-
rity, as suggested by Manikas et al. (2023), measuring unobservable
aspects requires new indicators to capture other aspects (e.g. cultural
food preferences, ecosystem services, etc.).

3.2. Limitations and future perspectives

Comparing the Exchange Emergy Ratio (EER) to food security
dimension faces some limitations, including its reliance on consistent
emergy and price data, which may be difficult to obtain in regions with
limited statistical resources. Its use of averages, such as family size and
minimum wage, risks oversimplifying regional and cultural variations.
Additionally, the EER’s focus on emergy exchange may overlook non-
economic aspects of food security. As a complex metric, it is prone to
misinterpretation by those unfamiliar with emergy accounting.
Addressing these limitations is crucial to ensuring its accuracy, adapt-
ability, and meaningful contribution to food security assessment.

Second, the study presents a first approach that looks for similarities
between EER and well-accepted indicators that aim to measure food
security. Therefore, in a methodological context, there are many
different types of machine learning algorithms that could help to
compare the EER to others indicators. We chose to compare linear
regression with regularization techniques (LASSO, Ridge, and Elastic
Net regression). However, there are many other state-of-the-art algo-
rithms, such as the Light Gradient Boosting Machine, Xgboost, Random
and Rotations Forests and so on. Although we believe that other algo-
rithms will perform similarly based on the relatively small differences in
performance between the selected algorithms, the use of other machine
learning algorithms can contribute to the selection of new indicator sets
and the prediction of EER.

Third, in this study we prioritized the use of composite indicators
based on the GFSI. However, in order to assess the convergent validity of
the relationship between EER and food security dimensions, it is perti-
nent to explore its correlation with other indices widely used to measure
food security, such as the Proteus Composite Index (PCI) and the Global
Hunger Index (GHI).

Finally, the replicability of the method is based on the use of average
economic values per household. Despite the different forms of income
distribution among countries, this type of data is available in a relatively
standardized manner in all of them. In addition, indirect values — such
as free access to health care and education — and income transfer
programmes that can increase the balance in exchanges, such as Bolsa
Familia, can be considered in the construction and application of the
EER. Such incorporations can make the method applicable to different
countries and regions of the world.

4. Conclusion

This study highlights the significant relationship between Emergy
Theory and food security through the lens of the Emergy Exchange Ratio
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(EER). By quantifying the balance of emergy in food exchanges relative
to monetary resources expended, the EER serves as an objective measure
of both efficiency and equity within food systems. Our findings indicate
that the EER is closely linked to various essential dimensions of food
security, as encapsulated in the Global Food Security Index (GFSI). This
connection underscores the EER’s sensitivity to crucial indicators—such
as food distribution policies, availability of agricultural inputs, and
nutrient quality—that represent key variables affecting food security.

The analysis also reveals that EER variability can largely be
explained by GFSI dimensions, with over 70 % of variance attributed to
significant predictors, particularly those governing access and suffi-
ciency in food supply. By employing advanced machine learning tech-
niques, including ridge regression, the relationship between emergy
exchanges and established food security metrics was robustly identified.

Moreover, EER’s ability to measure equity transcends traditional
social definitions by focusing on biophysical exchanges. Instead of
framing equity through monetary assessments, EER evaluates the actual
emergy traded between parties in transactions. This perspective facili-
tates a clearer understanding of how effectively resources flow within
food systems, shedding light on the relative gains or losses experienced
by individuals based on the emergy content of food exchanged.

This emergy-based approach illuminates the complex dynamics of
food security, particularly in how diverse biophysical inputs contribute
to equitable food access. As both a quantifiable metric and a conceptual
framework, the EER provides valuable insights for policymakers aiming
to enhance food security by reinforcing equitable exchanges in re-
sources. Thus, the integration of Emergy Theory into food security as-
sessments represents a significant step forward in recognizing the multi-
faceted nature of food access and sustainability.
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