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Purpose: The goal of this study is to predict how well five countries the US, Saudi

Arabia, China, Egypt, and Sweden will do in terms of Sustainable Development

Goal 2 (SDG 2), particularly the hunger index scores, between 2025 and 2030.

Methods: Historical agricultural, nutritional, and socioeconomic data from

2000 to 2022 were analyses and temporal patterns were extracted using

a one-dimensional Convolutional Neural Network (1D-CNN). To guarantee

precise and believable predictions, the model was trained and verified using

historical data. To represent realistic development trajectories toward SDG 2

targets, forecasts were limited to a range of 0 to 100.

Results: By identifying minor temporal trends in line with patterns of world

development, the 1D-CNNmodel showed great accuracy in forecasting changes

in hunger index scores. The predictions point to possible advancements in the

nations under study in terms of lowering hunger and enhancing food security.

Conclusions: Policymakers, international organizations, and sustainability

advocates may all benefit from the insightful data that the suggested forecasting

technique o�ers. These forecasts encourage more focused initiatives and

e�cient use of resources, which will eventually speed up e�orts to meet SDG

2 (Zero Hunger).

KEYWORDS

Sustainable Development Goals (SDGs), one-dimensional convolutional neural
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1 Introduction

A common vision for a sustainable future that prioritizes social justice, economic

prosperity, and environmental stewardship was established in 2015 when all member states

of the United Nations accepted the 2030 Agenda for Sustainable Development (Yumnam

et al., 2024). The 17 Sustainable Development Goals (SDGs), which are represented in

Figure 1, represent this agenda, and together they tackle important global issues such

as eradicating poverty, improving health and education, lowering inequality, fostering

economic growth, halting climate change, and protecting the environment. Because the

SDGs are purposefully linked, there are trade-offs and synergies between their objectives

(Bennich et al., 2023). The structure of the global food system and these intricate

relationships contribute to the explanation of the substantial influence that world events

have had—and still have—on the advancement of SDG 2, which is concerned with hunger

and food security.
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FIGURE 1

Sustainable Development Goals (SDGs).

It is still very difficult to achieve the SDGs by 2030, especially

when it comes to SDG 2’s objectives for food security and nutrition.

Recent global crises, including the COVID-19 pandemic, economic

instability, and continuing geopolitical conflicts, have slowed or

even reversed progress toward numerous SDGs, according to

the UN Sustainable Development Report 2022 (Giourgali and

Poulaki, 2024; Husaini and Sohail, 2024). In addition to impeding

attempts to end hunger and advance sustainable agriculture,

these interruptions have made food insecurity worse. With its

strong ties to social, economic, and environmental aspects, food

security is central to the SDGs, particularly SDG 2, which seeks

to eradicate hunger by 2030 (Ghufran et al., 2025; Chishti et al.,

2023). Despite unequal success, the SDGs continue to provide a

potential framework for long-term solutions to food insecurity.

However, despite modest gains in certain areas, the number

of people experiencing extreme food insecurity is once again

increasing globally, mainly as a result of ongoing armed conflicts

(Vos et al., 2023).

Artificial intelligence (AI) has the potential to revolutionize

society, but there are many obstacles and compromises in its

development. These include concerns about data privacy and

cybersecurity, the expensive cost of infrastructure improvements,

skill shortages in the workforce and the digital divide, increasing

living costs, and the possibility of societal prejudices and

discriminatory decision-making being reinforced (Sharifi et al.,

2024; Wolniak and Stecuła, 2024). By advocating for international

norms and legal frameworks that guarantee that AI is created and

used responsibly, the United Nations can play a crucial role in

resolving these issues (Singh et al., 2023). But even with continuous

international efforts to further the Sustainable Development

Goals (SDGs), not enough has been accomplished to reach the

2030 objectives. This presents significant questions regarding the

viability of accomplishing these objectives globally (Shayan et al.,

2022). At the regional, national, and sub-national levels, ongoing

monitoring and assessment of SDG performance are crucial to

resolving this problem. These evaluations assist governments in

recognizing important development gaps and comprehending

differences in national progress (Wang and Yang, 2025).

Beyond improving global benchmarking, predicting SDG

outcomes across regions aids in prioritizing areas for strategic
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intervention (Adegoke et al., 2025; Alturif et al., 2024) and aids

in the development of tailored policy measures (Charles and

Emrouznejad, 2024). Accordingly, SDG indicators function as

all-encompassing standards for gauging a nation’s progress and

advancement (Khan et al., 2025). This study uses an advanced

prediction model based on one-dimensional Convolutional Neural

Networks (1D-CNN) to estimate the consequences of SDG

2 (Zero Hunger). This study offers important insights into

the efficacy of agricultural development and food security

programs in various contexts by assessing SDG 2 scores

in China, Egypt, Saudi Arabia, Sweden, and the US. In

a rapidly expanding economy, China’s significant investments

in agricultural innovation and rural development demonstrate

progress toward SDG 2 (Liu and Yuan, 2023). Egypt’s emphasis

on water management and sustainable agriculture emphasizes

the necessity of resource-efficient techniques in arid areas

(Hegazy and Tohlob, 2024). Saudi Arabia’s Vision 2030 programs

for food self-sufficiency and agricultural modernization show

how the country is in line with the global SDG 2 aims

(Qwaider et al., 2023). Sweden provides an example for

combining environmental stewardship and sustainable food

systems (Krantz and Gustafsson, 2023), while the US uses

international collaborations and technology advancements to

advance food security both at home and abroad (Mangukiya and

Sklarew, 2023).

The main research question of this project is: can a 1D

Convolutional Neural Network (1D-CNN) learn from past food

security indicators across nations with different socioeconomic

profiles to accurately predict SDG 2 (Zero Hunger) results from

2025 to 2030? A cross-regional viewpoint that is currently under-

represented in the literature is provided by this study, which is

among the first to use a 1D-CNN deep learning technique to

predict SDG 2 scores for various countries—China, Egypt, Saudi

Arabia, Sweden, and the USA—to the best of our knowledge.

These forecasts are valid for 2025–2030. Because of its capacity to

analyze temporal data, 1D Convolutional Neural Networks (1D-

CNNs) are especially well-suited for this investigation. 1D-CNNs,

in contrast to conventional convolutional networks made for image

processing, are especially tailored to analyze sequential data, such

time series. Historical socioeconomic data from 2000 to 2022

is used to train the model. This research presents several novel

contributions to the forecasting of SDG indicators. Initially, we

put forth a multi-output 1D Convolutional Neural Network (1D-

CNN) architecture designed to predict all 17 SDG goals at once,

with a particular emphasis on SDG 2 as a primary use case. This

approach is more effective at capturing inter-goal dependencies

and temporal dynamics than traditional univariate forecasting

methods. Secondly, the research utilizes this model across a varied

collection of five countries—China, the USA, Egypt, Saudi Arabia,

and Sweden—chosen for their unique economic and agricultural

characteristics. Third, we employ a 3-year historical window for

temporal forecasting, offering insights into SDG trajectories for the

2025–2030 period. Finally, a comprehensive evaluation framework

that encompasses various error metrics, tests for statistical

significance, and confidence intervals is presented. This framework

is designed to guarantee the robustness and dependability of

our predictions.

2 Related work

Research on forecasting the Sustainable Development Goals

(SDG)—more especially, the attainment of sustainable agriculture

and food security—has grown in importance. Different approaches

are being used to anticipate future results and analyze patterns.

These methods may be roughly divided into a number of important

strategies. For instance, SDG 2 indicators like agricultural

production and food security levels have been linked to a

number of predictor factors using traditional regression models.

These models, which include linear regression, frequently forecast

future changes in food availability, nutrition, and agricultural

sustainability using past data. Though these models offer a

fundamental foundation for forecasting, they frequently prove

inadequate in handling the intricate, non-linear correlations

present in SDG data. Chenary et al. (2024) projected SDG scores

by 2030 by combining AI-relevant predictors with ARIMAX and

Linear Regression with Holt-Winters’ smoothing. Sub-Saharan

Africa and the Middle East/North Africa may fall behind in terms

of SDG performance, while the OECD and Eastern Europe/Central

Asia are anticipated to dominate. Additionally, Chang et al. (2024)

discovered that the ICT sector’s financial performance prediction

was enhanced by SDG adoption, with the best accurate projections

coming from artificial neural networks. Stakeholder participation

and KPIs connected to the SDGs are important components.

Furthermore, Taweesan et al. (2024) modeled the effect of

inadequate sanitation on diarrhoeal illnesses in Asia and Africa

using machine learning. A classification tree (J48) demonstrated

70–73% accuracy in predicting infection risks using data from 1,000

homes (2017–2021). Higher infection rates were closely associated

with poor hygiene and insufficient sanitary facilities, underscoring

the necessity of safe sanitation in order to meet SDG objectives. In

addition, in Khan et al. (2024), a high-resolution machine learning

model (ML-LUTO Spatial) was created to estimate land-use futures

in Australia that are consistent with the SDGs with 95% accuracy. It

draws attention to the dominance of agriculture and the increasing

demand for environmental and carbon plantings in order to

achieve sustainability goals. Also, Gawdiya et al. (2024) focused

on 29 plant attributes and using ensemble machine learning to

forecast wheat yield in India. By improving food security forecasts,

the random forest and neural network model together reached

98% accuracy, achieving SDG 2. Moreover, by integrating climate

factors and remote sensing indices, Haseeb et al. (2025) employs

machine learning to forecast wheat yield in Pakistan. The best-

performing RF model in peak seasonal forecasts were obtained,

included GNDVI, SPEI, windspeed, and soil moisture. The results

highlight how machine learning may enhance food security and

agricultural output forecasts.

A hybrid power/freshwater generating system utilizing an

ANN in conjunction with a pelican algorithm (PA) was suggested

by Alsoruji et al. (2024). A thermoelectric cooler, desalination

machine, solar dish and Stirling engine were all part of the system.

With reduced errors in water yield, power, and efficiency estimates,

the ANN-PA model performed better than the traditional ANN.

Furthermore, Zhu et al. (2023) optimized the conversion of wet

waste into energy and carbon-neutral goods through pyrolysis

and hydrothermal carbonization (HTC) using machine learning.

Frontiers in Sustainable FoodSystems 03 frontiersin.org

https://doi.org/10.3389/fsufs.2025.1615998
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org


Alturif et al. 10.3389/fsufs.2025.1615998

In a case study of wet food waste, the method significantly

increased the Carbon Stability Index (CSI) and Return on Energy

Investment (REI). The model’s promise for sustainable waste-

to-energy solutions in line with SDGs 7 and 15 was supported

by its outstanding predictive performance. Additionally, Talaat

et al. (2024) created a method to forecast wind speed and

maximize wind turbine power using machine learning and deep

learning. The technology improved turbine efficiency and power

recommendations by estimating 15-day power production with

94% accuracy and 6% inaccuracy. Additionally, Sadeghi et al. (2024)

investigated how peer-to-peer trading on blockchain technology

can improve energy resilience. Using energy data from Texas, a

decision-making algorithm demonstrated increased efficiency and

decreased usage. In order to promote the role of blockchain-based

smart grids in more robust and efficient energy systems, it presents

the SARIMA algorithm for predicting energy demand.

This research highlights the need for more sophisticated

systems that can handle these issues by pointing out a number

of significant shortcomings in the forecasting techniques currently

used for SDG 2, notably those pertaining to hunger and food

security. Traditional models frequently struggle to reflect the

intricate temporal patterns and dynamic relationships that affect

hunger levels. Conventional approaches offer advantages, but they

might not be sophisticated enough to completely comprehend the

complex linkages and time-dependent elements present in food

security data. This article presents a unique strategy utilizing a

1D Convolutional Neural Network (1D-CNN) to get around these

restrictions. Because it can identify and extract patterns across

time, the 1D-CNN is especially well-suited for analyzing hunger-

related sequential and time-series data. The 1D-CNN offers a more

sophisticated forecasting technique than previous models, which

could oversimplify or ignore the complex dynamics of hunger

patterns. It does this by using its deep learning capabilities to collect

and analyze the complex temporal linkages that affect food security.

3 Proposed model

This section outlines the steps used to develop the prediction

model for predicting the results of SDG 2 (Zero Hunger). SDG

2 (Zero Hunger) is the subject of this study, which makes

use of the following particular dataset indicators: Prevalence

of undernourishment, Prevalence of moderate or severe food

insecurity, Prevalence of stunting among children under five, and

Cereal yield per hectare. These metrics were chosen because they

provide direct measurements of agricultural production, nutrition,

and food access—all of which are essential components of SDG

2. A wide variety of economic, geographical, and agricultural

situations are represented by the five countries that were chosen:

China, Egypt, Saudi Arabia, Sweden, and the United States. These

countries were selected due to the completeness of their SDG 2

data and their applicability in demonstrating various policy stances

on sustainable agriculture and food security. All of the crucial

processes are well explained, including the training procedure,

the one-dimensional Convolutional Neural Network (1D-CNN)

architecture, and data preparation. The method uses sophisticated

machine learning algorithms to find intricate connections and time

trends in nutrition, hunger, and food insecurity data. By using these

strategies, the model is able to produce precise projections that

accurately represent each nation’s progress toward attaining food

security and better nutritional outcomes in line with SDG 2.

3.1 Data collection and preprocessing

The “Sustainable Development Report” Kaggle dataset, which

aggregates nation-level SDG scores from 2000 to 2022, provided

the data utilized in this analysis (Sazid, 2023). An extensive

overview of national and global progress toward the 17 Sustainable

Development Goals (SDGs) put out by the UN is provided by

this extensive dataset. It includes a broad range of metrics that

represent different social, economic, and environmental aspects.

The dataset covers the period from 2000 to 2022 and contains

Sustainable Development Goal (SDG) scores for five countries: the

United States, China, Saudi Arabia, Sweden, and Egypt. The yearly

records include the SDG index score and the individual scores for

each of the 17 SDG goals, culminating in a total of 1,955 entries

across various countries and years. A two-step approach was used

to handle missing values in order to guarantee data quality. For

brief gaps (1 to 2 years), linear interpolation was employed to

keep the time series continuous, whereas forward-filling was used

for longer sequences. To ensure data dependability, countries with

more than 20%missing values for any of the SDG 2 indicators were

excluded from the study. To comprehend the distribution of each

indicator, descriptive statistics including mean, standard deviation,

and range were calculated. To ensure a consistent scale and enhance

the training efficiency of machine learning models, all numerical

features were normalized through Min-Max scaling. This research

has a strong emphasis on SDG 2 (Zero Hunger), paying particular

attention to metrics pertaining to access to wholesome food,

agricultural production, food security, and malnutrition. Finding

patterns and trends in this information will help illuminate the

difficulties and advancements in accomplishing SDG 2. In order

to produce precise predictions of future hunger-related outcomes

and facilitate evidence-based decision-making, the study makes

use of sophisticated machine learning techniques, such as the

one-dimensional Convolutional Neural Network (1D-CNN), by

utilizing this vast and varied data.

The data shows yearly and national progress toward SDG 2

(Zero Hunger) using calculated scores. A number of factors

related to food security and nutritional development are

evaluated by specific indicators, such as the incidence of

undernourishment, rates of child malnutrition, agricultural

production, availability of wholesome food, and encouragement

of sustainable farming methods. Each nation’s SDG Index

score is determined by combining these variables, providing a

thorough assessment of how well it is performing in respect

to the global goals for eradicating hunger. To get the data

ready for sequential modeling, a number of preprocessing

procedures were carried out before to training the one-dimensional

Convolutional Neural Network (1D-CNN) model. SDG ratings

in the dataset differ between nations and objectives. All SDG

scores, including the SDG 2-specific indicators and the overall

SDG Index, were normalized into a range between 0 and 1

using MinMax scaling in order to enhance model performance
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and guarantee uniformity. This change promotes quicker

convergence during training by ensuring that characteristics

with wider numerical ranges do not disproportionately affect

learning. The MinMaxScaler function from the sklearn package

was used to implement the normalization procedure. This

scaling strategy lowers the danger of overshadowing smaller-

magnitude characteristics and improves learning by balancing

the contribution of each SDG objective and the total SDG Index

score during training. In the end, this preprocessing step makes

the prediction model more robust, allowing for more precise

evaluations of international initiatives to end hunger and provide

food security.

3.2 Feature selection

The whole dataset which includes all 17 Sustainable

Development Goals (SDGs) as well as individual and index

scores for SDG 2 (Zero Hunger) were used in this study. This

extensive dataset is an essential tool for assessing and projecting

advancement toward the SDG framework of the UN, particularly

when it comes to tackling pressing issues like hunger, food

insecurity, and malnutrition. The dataset is arranged into a

number of important columns, each of which offers useful data

for analysis:

• Country code: to enable dependable data management

and effective cross-country comparisons, each nation is

given a distinct alphanumeric identification. Maintaining

data consistency is crucial, especially when combining

data from several sources for more extensive regional or

international analysis.

• Country: to assist researchers in placing the data into

particular geographic and cultural contexts, this column

provides a list of the names of the nations included in the

dataset. Interpreting differences in country approaches to

preventing hunger and attaining food security requires this

kind of background.

• Year: time-series analysis requires the incorporation of a

temporal component. By indicating the year that each data

relates to, this column makes it possible to analyze trends and

assess how measures connected to hunger have changed over

time. Additionally, it enables scholars to evaluate how certain

policies, crises, or interventions affect a country’s advancement

toward SDG 2.

• SDG index score: a nation’s overall performance in relation to

all 17 SDGs is reflected in this composite score. In order to

assist determine which nations are making progress or falling

behind in their efforts at sustainable development, including

programs to eradicate hunger, it acts as a single indicator to

make comparisons easier both within and across nations.

• SDG 2 (Zero Hunger) score: this score particularly evaluates

a nation’s advancement toward SDG 2 (Zero Hunger).

Numerous statistics pertaining to food availability, rates

of malnutrition, agricultural production, and systems that

promote sustainable agriculture are included. This score’s

level of detail allows for a thorough assessment of national

hunger-eradication initiatives, identifying both their strong

points and places for development.

The need to comprehend both the more general and

more focused aspects of sustainable development is the driving

force behind the use of both the SDG Index scores and

individual target scores for SDG 2 (Zero Hunger). While the

individual SDG 2 ratings offer a more thorough analysis of

important indicators pertaining to food security, malnutrition, and

agricultural sustainability, the SDG Index score allows academics

to rapidly evaluate the overall progress made by a country toward

sustainable development. A targeted examination of the particular

difficulties and successes related to hunger reduction initiatives

in various geographical and socioeconomic situations is made

possible by these detailed measures.

Furthermore, examining the interactions between different

SDG 2 targets and other objectives can highlight significant trade-

offs and synergies, which are crucial for creating comprehensive

and successful hunger reduction strategies. The time-series

character of the dataset is essential for predictive modeling. The

model may predict future SDG 2 results by detecting long-

term trends and historical patterns, providing stakeholders and

policymakers working toward the 2030 objective of eliminating

hunger with important insight. In the end, this dataset is a strategic

tool for well-informed policy formation and decision-making, in

addition to being a potent tool for assessing progress toward SDG

2. By eliminating hunger and advancing universal food security, it

advances the larger goal of attaining sustainable development.

3.3 Model architecture

In order to predict scores associated with Sustainable

Development SDG 2 (Zero Hunger), this study used a one-

dimensional Convolutional Neural Network (1D-CNN) model

with sequential data. The model forecasts future SDG 2

index scores and individual goal scores using historical data,

providing insightful information about new trends and supporting

policymakers in the strategic design of food security and hunger

reduction programs. A sliding window forecasting method was

utilized, employing data from the previous 3 years to forecast the

following year. The model, for instance, employs data from the

years 2019 to 2021 in order to forecast the SDG 2 score for 2022.

This rolling strategy recursively predicts values on an annual basis

until 2030. Convolutional layers, pooling layers, and fully linked

dense layers make up the model architecture, as shown in Figure 2.

A random search approach was used to adjust hyperparameters

such the number of filters, learning rate, batch size, and kernel size.

The configuration that produced the least amount of validation

loss was chosen. In order to reduce overfitting, validation loss

was used to track model performance even though regularization

strategies and early stopping were not used in this investigation.

Sufficient generalization was shown by the consistency of training

and validation performance. All of these layers are designed to

analyze and learn from time-series data. We go into great depth

about each part of the architecture and how it contributes to the

forecasting process as a whole below.
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FIGURE 2

Proposed deep learning model.

1. Input layer: the model is fed input sequences in the form

of (None, 377, 1), where 377 is the number of time steps

and the single feature dimension is time-series data pertaining

to indicators of hunger like agricultural productivity, food

insecurity, and malnutrition rates.

2. To allow the model to capture fine-grained temporal

correlations in each individual feature without adding

needless feature interactions, a kernel size of 1 was selected for

the Conv1D layers. When working with time series data, where

each input characteristic changes over time individually, this

works very well.

3. First convolutional layer: using the Rectified Linear Unit (ReLU)

activation function, the first layer (Conv1D_6) is a one-

dimensional convolutional layer with 64 filters. It looks for local

patterns in the data, like changes in crop yield trends or changes

in food access, by scanning across the time axis. The output

structure that results is (None, 375, 64), with the time steps being

somewhat shortened according to the kernel size.

4. Second convolutional layer: by using 128 filters, the second

convolutional layer (Conv1D_7) expands the model’s

comprehension. As a result, more abstract and high-level

temporal variables related to long-term hunger reduction

patterns may be extracted by the model. The form of its output

is (None, 185, 128).

5. Pooling layers: to lower the computational cost and temporal

resolution, a MaxPooling1D layer (max_pooling1d_6 and

max_pooling1d_7) is applied after each convolutional layer. It

preserves the most crucial elements by choosing the highest

value inside each window. For instance, to enable quick

processing without losing important information, the sequence

length is cut in half, from 375 to 187 and then further to 92.

6. Flattening layer: a flatten layer (flatten_3) is used to flatten the

output tensor of shape (None, 92, 128) into a one-dimensional

vector with 11,776 elements. This change connects the dense

prediction layers and convolutional feature extraction.

7. Dense layers: to understand intricate correlations between

the retrieved characteristics and discover important elements

impacting hunger patterns, a dense (completely connected) layer

(dense_6) with 128 neurons and ReLU activation is employed.

By randomly turning off a portion of neurons during training,

a Dropout layer (dropout_1) with a rate of 0.5 is created to

improve generalization and avoid overfitting.

8. Output layer: 17 neurons make up the output layer, with each

one representing the predicted score for one of the 17 SDG goals.

Thanks to this structure, the model can perform multi-output

regression and predict all SDG scores for a given year at the same

time. Each of the 17 neurons in the last layer (dense_7), which

has linear activity, represents the expected score for one of the

SDG 2 objectives, such as the prevalence of undernourishment,

the availability of food, or sustainable agriculture. The model’s

simultaneous prediction of several variables linked to SDG 2

(Zero Hunger) is shown in the output form (None, 17).

Eighty percent of the dataset was used for training and the

remaining 20 percent was reserved for validation in order to

develop the model for predicting SDG 2 (Zero Hunger) indicators.

In addition to ensuring that the model learns from a significant

amount of the data—capturing trends in hunger, food security,

and agricultural productivity—this division also makes it possible

to assess the model’s performance on data that hasn’t been

seen before. During training, the data was divided into smaller
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groups using batch processing. By introducing helpful randomness

(stochasticity), this method speeds up training by assisting the

model in escaping local minima in the loss landscape and

encouraging more steady convergence. With Mean Absolute Error

(MAE) as the loss function Mean Squared Error (MSE) and Root

Mean Squared Error (RMSE) as an extra performance indicator,

the suggestedmodelmakes use of the AdaptiveMoment Estimation

(Adam) optimizer. Adam is ideally suited for time-series prediction

as it dynamically modifies learning rates throughout training. By

using the square root of the average squared differences, RMSE

gives information about the size of prediction errors, whereas

MAE calculates the average absolute difference between actual

and predicted hunger-related data. Coefficient of Determination

(R2) quantifies the degree of accuracy with which the model’s

predictions reflect the real data. It shows the ratio of variance in

the dependent variable that can be predicted from the independent

variables. Additionally, Mean Absolute Percentage Error (MAPE)

expresses the precision of predictions in percentage terms, showing

the average absolute error relative to actual values. These measures

are essential for assessing how well the model predicts SDG 2 goal

scores. These can be stated as follows:

MAE =

∑n
j=1 |yj − xj|

n
(1)

RMSE =

√

∑n
j=1(yj − xj)2

n
(2)

MAE =
1

n

n
∑

j=1

∣

∣yj − xj
∣

∣ (3)

R2 = 1−

∑n
j=1(yj − xj)

2

∑n
j=1(yj − ȳ)2

(4)

MAPE =
100%

n

n
∑

j=1

∣

∣

∣

∣

yj − xj

yj

∣

∣

∣

∣

(5)

where n is the total number of data points that were recorded, yj is

the actual value, and xj is the predicted value. The tests carried out

to create, verify, and assess the suggested model for predicting SDG

2 (Zero Hunger) indicators are described in the section that follows.

A randomized grid search method was used to tune

hyperparameters, ensuring optimal model performance and

avoiding arbitrary choices. This included establishing a set of

values for essential parameters such as learning rate [0.0001,

0.001, 0.01], dropout rate [0.2, 0.3, 0.5], batch size [32, 64, 128],

and the number of units in hidden layers [32, 64, 128]. 5-fold

cross-validation was used to evaluate each configuration, with

performance assessed through validation loss and accuracy. The

configuration that performed best, chosen on the basis of average

validation MAE, was used for the final model training. Thanks

to this systematic approach, the final hyperparameters shown in

Table 1 were not chosen at random; rather, they were validated

empirically for robustness and generalization. In order to minimize

the danger of overfitting and enable the model to detect complex

patterns in the data, we employed 200 epochs during the training

phase. The training dataset was fully traversed throughout each

epoch, allowing the model to modify its weights in order to lower

the loss function. We kept a careful eye on both training and

validation losses to make sure the model maintained its capacity to

TABLE 1 1D-CNNmodel parameters for SDG forecasting.

Parameter Value

Time step 3

Batch size 50

Epochs 200

Learning rate 0.001

Dropout rate 0.5

Filters (Layer 1) 64

Filters (Layer 2) 128

Kernel size 1

Pooling size 2

Validation split 0.2

Min-Max scaling range (-1, 1)

Optimizer Adam

Loss function Mean squared error

Metrics Mean absolute error

Training-testing split 80–20

Prediction years 2025–2030

generalize efficiently, increasing prediction accuracy on unknown

data. The model was particularly created to forecast SDG 2 scores

for the years 2025 to 2030, in line with the UN’s 2030 deadline for

accomplishing the Sustainable Development Goals, using historical

data from the previous 3 years as the time step. The model can

account for continuous trends and variations in the endeavors to

eradicate hunger and attain food security because of the 3-year

time step. The model finds trends and changes that could affect

future results by examining the data from the previous 3 years.

This strategy gives stakeholders the ability to focus policy changes

and resource distribution on regions where efforts to reduce

hunger are falling short, offering insightful information for well-

informed decision-making. Additionally, the model’s output makes

it possible to assess how well-suited current policies and initiatives

are to achieving SDG 2, which will ultimately lead to more targeted

and significant initiatives to end hunger in a sustainable manner.

4 Results and discussion

The outcomes of the one-dimensional convolutional neural

network (1D-CNN) model that was used to forecast future SDG

2 scores are shown in this section. Both training and validation

datasets are used to assess the model’s performance, with an

emphasis on its capacity to predict hunger-related outcomes for

the years 2025–2030 and to generalize findings. We go over the

model’s main conclusions, evaluate how these predictions could

affect upcoming sustainable development projects, and contrast

the anticipated SDG 2 scores with historical patterns. The findings

are placed in the context of practical uses, highlighting how

the model’s predictions might influence strategic planning and

policy choices in the battle against hunger. We also provide a
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FIGURE 3

Correlation coe�cients between the various SDG scores.

connection chart that illustrates how SDG 2 results relate to

other pertinent measures. The correlation coefficients measure the

direction and intensity of the linear correlations between variables,

as seen in Figure 3. Strong positive connections between SDG 2

and a number of other SDGs are seen in the correlation matrix,

highlighting the connection between reducing hunger and more

general development objectives. These findings may be used by

policymakers to create plans that concurrently address many SDGs.

Intriguing linkages that want more research to fully comprehend

the underlying causes of these links are also shown by the

correlation matrix.

The 1D-CNN model’s training and validation loss curves,

shown in Figure 4, are essential for assessing the model’s

functionality and spotting any problems like overfitting. The

orange curve shows themodel’s performance on the validation data,

which is not used for training and is used to evaluate generalization,

whereas the blue curve shows the model’s performance on the

training data. Effective learning of the model is shown by a

discernible drop in training and validation loss over the first epochs.

Despite a steady decline in training loss, the validation loss may

plateau or even increase as the number of epochs rises, indicating

that the model may be beginning to overfit to the training data.

The curves’ forms indicate that the model has attained an ideal

training level without suffering from extreme overfitting because

the validation loss does not considerably rise in comparison to

the training loss. The 1D-CNN algorithm shows potential in

forecasting future SDG 2 (Zero Hunger) scores based on these loss

curves. The model’s capacity to generalize is demonstrated by the

rather consistent validation loss, which demonstrates that it can

apply the information learnt from the training data to previously

unknown data. However, additional validation using a separate

test dataset is required in order to completely evaluate the model’s
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overall efficacy. Even though the loss curves show that the model

is doing a good job of forecasting SDG 2 results, more testing and

enhancements are required to guarantee its resilience and pinpoint

possible areas for future research.

The efficiency of the suggested technique is demonstrated by

the predicting results for Sustainable Development Goal 2 (SDG

2) scores, which are shown in Figure 5. The actual (historical)

SDG 2 scores and the expected scores across different time steps

FIGURE 4

The training and validation loss curves for a 1D-CNN model.

are contrasted in each subplot. Both predicted future years and

previous training years may be included in these time periods.

On the y-axis, each SDG 2 score is shown, usually normalized

within a predetermined range (e.g., 0 to 1). The blue line displays

the actual SDG 2 scores, which either reflect historical data or

serves as a baseline for the forecasts, while the red line displays

the expected SDG 2 scores determined by the 1D-CNNmodel. The

blue (actual) and red (predicted) lines closely overlap, indicating

that the model does a good job of forecasting future events.

The model’s tight tracking of the actual scores demonstrates its

capacity to identify underlying trends and patterns in the SDG

2 time series. Even if there are some noticeable differences, they

are small and point to sporadic difficulties in forecasting certain

numbers. Nonetheless, the majority of subplots show excellent

performance, with no discrepancy between the expected and actual

values. Because the model use historical data to efficiently detect

previous linkages and apply them to future forecasts, the results

emphasize the significance of taking time-dependent patterns into

account. Overall, the figure shows howwell themodel predicts SDG

2 scores, with most subplots displaying a high degree of agreement

between predicted and actual values. Even if certain variations point

to areas that need more work, these insights can help stakeholders

and policymakers make well-informed, data-driven decisions to

prepare for future actions in alleviating hunger.

Five major nations—China, the United States, Sweden, Saudi

Arabia, and Egypt—are shown in this section with their Sustainable

Development Goal (SDG) 2 ratings for the years 2024–2030. Due to

their distinct development plans, varied socioeconomic situations,

and varied approaches to combating hunger, these countries were

chosen. This research aims to give a thorough knowledge of

international efforts to fight hunger by looking at nations from

FIGURE 5

Comparison of actual and predicted SDG2 scores.

Frontiers in Sustainable FoodSystems 09 frontiersin.org

https://doi.org/10.3389/fsufs.2025.1615998
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org


Alturif et al. 10.3389/fsufs.2025.1615998

FIGURE 6

Predicted SDG index scores (2025–2030).

various geographical locations and economic development levels.

In an effort to guarantee food access for its people, China, whose

economy is expanding quickly, has made significant investments in

agricultural and food security. The US offers a distinctive viewpoint

on addressing food insecurity among marginalized populations

because of its emphasis on community-driven initiatives and

cutting-edge technical solutions. Sweden, a country renowned

for its strong welfare system and high standard of living, has

effective regulations that support sustainable food production and

fair resource distribution, especially for disadvantaged groups. By

diversifying its economy and enhancing social services like food

security and nutritional programs, Saudi Arabia is attempting to

accomplish SDG 2 through its Vision 2030 plan. In the meanwhile,

Egypt, a developing country, is aggressively pursuing reforms

aimed at enhancing economic inclusion and expanding access to

important services, both of which are critical to lowering hunger

and enhancing food systems.

Figure 6 shows the estimated Sustainable Development Goal

(SDG) 2 Index Scores for the United States, Saudi Arabia, Sweden,

Egypt, and China from 2025 to 2030. With ratings that are

continuously over 80%, Sweden is in the lead, demonstrating its

sophisticated approaches to sustainable agriculture, food security,

and fair access to nutrition. With scores ranging from 75%

to 80%, the United States continues to make progress toward

reducing hunger and improving food security, especially through

agricultural innovation and food assistance programs, despite

obstacles like regional disparities and food distribution in some

areas. China, Saudi Arabia, and Egypt all show comparable

patterns, with scores ranging from 65% to 75%. By employing

a range of strategies, including economic diversification, poverty

alleviation measures, and agricultural reforms, these nations

are making significant progress against hunger. They exhibit

consistent progress in important areas including expanding

food availability, boosting nutritional access, and strengthening

agricultural sustainability, even if their ratings are marginally lower

than those of Sweden and the US. The disparities in the global

advancement of SDG 2 are shown by this graphical comparison. It

offers insightful information on regional potential and difficulties,

emphasizing the necessity of specialized approaches to end hunger

by 2030 that are based on the particular goals and circumstances of

each nation.

Figure 7 shows the expected results for five countries (China,

Egypt, Saudi Arabia, Sweden, and the United States) with respect to

Sustainable Development Goal 2 (SDG 2), “SDG 2 (Zero Hunger),”

from 2024 to 2030. The predicted scores for each nation are shown

on the graph’s y-axis, and they probably represent how far along

they are in ending hunger and attaining food security. The 2024–

2030 timeline provided by the x-axis makes it easy to evaluate

how far each nation has come in achieving SDG 2. It is feasible to

compare the anticipated future results for any country by looking at

the patterns in the graph. Indicating that they are on pace to reach

or perhaps surpass the SDG 2 objectives, Sweden and the US are

expected to sustain high and steady scores over the course of the

time. Sweden’s well-established social welfare programs, sustainable

farming methods, and efficient food delivery networks are

responsible for the country’s progress in increasing food security

and decreasing hunger. Similar to this, the US is anticipated

to keep making consistent improvement because of its strong

food aid programs, agricultural technological advancements, and

continuous initiatives to alleviate food insecurity in populations

that are particularly susceptible. China and Egypt, on the other

hand, exhibit a trend of steady progress throughout time. Even

while both nations are making great progress, their ratings

show that there are still issues, especially when it comes to

resolving the differences in food access between rural and

urban areas. Although China has seen success with its emphasis

on social welfare programs, agricultural modernization, and

poverty reduction, the country still confronts challenges including

environmental variables and rural-urban disparity. Although Egypt

has made headway in increasing agricultural sustainability and

food availability via legislative changes, the country still confronts

challenges with resource allocation and political instability that

might impede further advancement. Saudi Arabia’s predicted

ratings are mostly unchanged, indicating that although efforts
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FIGURE 7

SDG SDG 2 (Zero Hunger) (2025–2030).

are being made, SDG 2 development might not be as rapid as

would be ideal. The nation’s dependence on food imports and

the requirement for more effective agricultural systems provide

obstacles to its success, even with significant expenditures made in

food security and economic diversification as part of Vision 2030.

All things considered, Figure 7 shows how these five nations have

progressed differently toward SDG 2. China and Egypt have the

ability to gradually improve, Saudi Arabia’s route to reaching “SDG

2 (Zero Hunger)” confronts some obstacles, while Sweden and the

US are on track for ongoing progress. In the battle against hunger,

these forecasts highlight the need of customized approaches that

take into account the particular possibilities and problems faced by

each nation.

To improve the interpretability of our findings, we include

illustrative country-level examples and statistical measurements

that illustrate the model’s performance. For example, Sweden’s

consistently high SDG 2 estimates (over 80%) reflect the country’s

long-standing investment in sustainable agriculture and social

welfare measures, which have effectively reduced hunger. In

contrast, Egypt’s progressive rise in expected ratings reflects the

impact of recent economic and agricultural measures targeted at

improving food security. Furthermore, the model’s accuracy is

confirmed by low Mean Absolute Error (MAE) and Root Mean

Square Error (RMSE), Mean Absolute Percentage Error (MAPE)

values, as well as significant positive correlation coefficients

between actual and projected scores (for example, r > 0.9 in

most nations). These quantitative findings support the model’s

dependability and the relevance of the insights derived for

strategic planning.

A comparative analysis of three neural architectures—

1D Convolutional Neural Network (1D-CNN), Long Short-

Term Memory (LSTM), and Gated Recurrent Unit (GRU) was

performed—to evaluate the performance of the proposed models

as shown in Table 2. The same dataset, preprocessing steps, and

early stopping criteria were used to train and evaluate all models

under consistent conditions. Across all performance metrics, the

TABLE 2 Performance comparison of 1D-CNN, LSTM, and GRU models.

Model MSE RMSE MAE R2 MAPE (%)

1D-CNN 54.2489 5.6158 6.21 0.8383 16.46

LSTM 345.78 18.59 14.10 0.258 51.73

GRU 300.46 17.33 12.62 0.355 46.98

1D-CNN model surpassed both LSTM and GRU. In particular,

it obtained a Mean Squared Error (MSE) of 54.2489, a Mean

Absolute Error (MAE) of 6.21, and a Mean Absolute Percentage

Error (MAPE) of 16.46%, all of which are the lowest values

recorded, while its coefficient of determination (R2) reached an

unprecedented high of 0.8383. Conversely, the LSTM and GRU

models demonstrated significantly higher error rates, with LSTM

achieving a MAPE of 51.73% and GRU attaining 46.98%. The

1D-CNN model’s effectiveness in extracting localized temporal

features from the input sequences likely accounts for its robustness

and suitability for this forecasting task, as demonstrated by

these findings.

Furtermore, The Wilcoxon signed-rank test, which is a non-

parametric alternative suitable when the normality assumption

is not guaranteed, is used to assess the statistical significance

of the differences between the actual and predicted SDG 2

scores. With a statistic of 46,620,696 and a p-value < 0.001,

the test results indicate a statistically significant difference

between the predicted and actual values. This indicates that

the model shows a consistent estimation trend, which, despite

being statistically significant, is acceptable within practical

error margins, as demonstrated by low MAE and MAPE

values. Moreover, bootstrapping is used to calculate the 95%

confidence interval for the predicted SDG 2 scores. The

interval produced, [62.09, 62.78], indicates a narrow and stable

prediction range, highlighting the reliability and stability of the

proposed model.
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It is critical to acknowledge that physical environmental

elements have a substantial impact on food security results

in addition to the temporal forecasting of SDG 2 scores.

Factors including soil health, the frequency of extreme weather

events, and climatic variables (such as rainfall patterns and

temperature swings) have a direct impact on agricultural output

and, consequently, the efficacy of hunger mitigation measures.

Crop yields, food availability, and distribution networks are all

impacted by these environmental processes and circumstances,

which also pose risks and uncertainties that have an impact

on achieving SDG 2 objectives. Although the present 1D-CNN

model mostly uses historical socioeconomic and development

data relevant to the SDGs, further research might improve

prediction accuracy by including environmental information and

agro-climatic model simulation outputs. These elements would

enable a more thorough evaluation and proactive reduction of the

hazards associated with environmental unpredictability, eventually

promoting more robust and flexible food security regulations.

Although the loss curves indicate that the model is effectively

predicting SDG 2 outcomes, more testing and improvements

are necessary to ensure its robustness and identify potential

research topics.

The 1D-CNN model’s predictions provide crucial direction

for decision-makers. These findings may be used to modify

food security plans in countries that are predicted to have

stasis or deterioration in SDG 2 performance, such as those

impacted by economic crises or climatic variability. For example,

governments can think about increasing funding for resilient

farming methods, enhancing rural infrastructure, or extending

the reach of social safety nets. Furthermore, the model’s capacity

to recognize temporal trends enables decision-makers to foresee

future difficulties and take preventative measures, like preparing

for drought or modifying food subsidies. Countries may better

connect their efforts with the 2030 Agenda and guarantee that

no population is left behind in the goal of SDG 2 (Zero Hunger)

by incorporating data-driven projections into their national

development plans.

5 Conclusion

To precisely estimate the advancement of Sustainable

Development Goal SDG 2 (Zero Hunger) scores between

2025 and 2030, the current study makes use of a reliable time

series forecasting model built on a one-dimensional Convolutional

Neural Network (1D-CNN). Themain subjects of this investigation

are China, Saudi Arabia, Egypt, Sweden, and the United States.

Using deep learning techniques, the model effectively projects

each nation’s progress toward sustainable agriculture and food

security by identifying temporal trends in historical data from

2000 to 2022. The results demonstrate the model’s effectiveness

in identifying and assessing patterns related to the reduction of

hunger, while also generating accurate forecasts that align with

international sustainable development criteria. With estimates

limited to a realistic range of 0 to 100, the technique guarantees

that the forecasts are based on the dynamics of past performance

related to food security and agricultural development. In addition

to improving our knowledge of the many routes to SDG 2 (Zero

Hunger), this study offers insightful information to governments,

stakeholders, and international organizations working to advance

food security programs. The model is an essential tool for decision-

makers, enabling nations to make well-informed decisions on the

distribution of resources and the strategic measures necessary to

accomplish SDG 2. Future studies might improve these results

by investigating different modeling approaches and adding more

variables, such economic circumstances or climate change. This

could lead to a more sophisticated comprehension of the obstacles

and possibilities involved in eradicating hunger worldwide.
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