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According to the State of Food Security and Nutrition in the World (SOFI) report published in July 2024, 2.33 billion individuals
worldwide struggle with food insecurity, lacking consistent access to nutritious meals crucial for a healthy life, prompting this
research to explore the question: “How can machine learning be used to predict the prevalence of food insecurity worldwide?1” The
goal of this machine learning model was to predict the prevalence of food insecurity in any location by inputting different factors
such as the country, region, the year, and other demographic data to find the prevalence of food insecurity in that particular location.
Food insecurity stems from many factors, including poverty, distribution inefficiencies, climate change, political instability, to
name a few. Using AI to combat food insecurity is a promising solution, as it has the ability to mitigate hunger for millions
by spreading awareness and allocating timely resources where needed. In addressing this challenge, the ”KPIs for Food Waste,
Insecurity, & Overconsumption” dataset was used, which contains self-reported statistics and data pertinent to food insecurity in
major cities worldwide. The dataset was extensively analyzed, and any irrelevant information was filtered, ensuring the data was
optimized for computational analysis. Through much experimentation with various machine learning models, the Random Forest
Regressor was identified as the most accurate predictor. The results of this model were a mean squared error of approximately
150,700, a mean absolute error was approximately 59,000, and an R2 score of 0.78. In conclusion, the Random Forest Regressor
model accurately predicted food insecurity in any geographical area at any given time with a high degree of precision using
machine learning.

Introduction

Food insecurity is a continual global challenge, affecting mil-
lions worldwide. In 2020, over 35 million Americans, including
10.7 million children, experienced food insecurity at some point,
representing approximately 10.5% of households nationwide2.
Among minority communities, the situation was particularly
worse, with Black and Hispanic households facing higher rates
of food insecurity, with 19.1% and 15.6% respectively, com-
pared to 7.9% for white households3.

Understanding its root causes and thereby creating effective
solutions is critical, so that there is equitable access to nutritious
food for all. If food insecurity is left unaddressed, it can lead
to individual, familial, and communal problems. Research has
shown an increased incidence in mental health issues, such as
depression and anxiety, and in chronic conditions like diabetes,
and other related ailments4. It can also lead to severe academic
challenges for children which leads to a cycle of poverty, and
long-term disadvantages for these societies. Along with these
problems, high levels of food insecurity have also been shown to
strain family relationships, reduce productivity, and limit access
to education and employment. Solving this issue can lead to
healthier communities, improved quality of life for many, and a
more productive society. This project aims to tackle this global

challenge through machine learning, focusing on the essential
question of: ”How can machine learning be used to predict the
prevalence of food insecurity worldwide?”

This model involved developing a user-friendly approach al-
lowing individuals to input different variables such as the year,
country, organization, and/or region to predict food insecurity
levels in specific areas. The dataset takes into account socioeco-
nomic status, demographics, and geographical locations. It also
considers factors such as access to education, healthcare, and
housing stability, as these are often tied to economic status and
play a significant role in a community’s vulnerability to food
insecurity. By incorporating these elements, the model captures
a broad picture of the economic landscape and its influence on
food insecurity.

Using predictive analytics and machine learning algorithms,
the overarching goal was to identify trends, as well as showcase
future scenarios related to food insecurity. The task was a super-
vised regression problem, which predicted the quantity of food
insecurity cases based on categorical data inputs.

In summary, this research used machine learning to address
food insecurity. Through comprehensive data analysis and ad-
vanced techniques, the objective was to contribute effective
solutions to this critical global challenge.
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Background

Several approaches have been explored to address the issue of
food insecurity, each offering important information and data.
Artificial intelligence also plays a huge role in reducing the
severity of food insecurity through bibliometric analysis. The
research focused on AI’s potential to contribute to food systems
and achieve Sustainable Development Goal 2 of zero hunger
(creating a world free of hunger by 2030)5. However, this study
faced limitations such as data quality concerns and a potential
oversight of other communication channels. Other limitations
included incomplete representation of different variables in the
dataset and relevant factors which contribute to food insecurity,
as well as assumptions of food insecurity patterns.

To address these limitations, this model explored an additional
database beyond those currently used. It also analyzed maps
and used various data analysis techniques to improve the overall
accuracy of the results.

In addition, various publications helped guide the direction
of this research by showing the significance of available data
sources, such as food-sharing platforms, in understanding com-
plex issues like food insecurity. They revealed the potential of
machine learning methods to uncover hidden aspects of food
insecurity. By using information from these studies, the intent
was to develop a comprehensive model that combines predictive
analytics with data analysis and different classification tech-
niques. This approach addressed the limitations identified in
previous research while capitalizing on the potential of machine
learning to provide useful statistics about food insecurity.

Dataset

For this project, the ”KPIs for Food Waste, Insecurity, & Over-
consumption ” dataset was utilized. This data came from the
CDP (Carbon Disclosure Project), and was self-reported by
the cities. It primarily has numerical data containing statistics
and metrics related to food waste, food insecurity, and overcon-
sumption across multiple cities and countries. This includes the
number of food insecurity cases, the year reported to CDP (Car-
bon Disclosure Project), organization, parent section (city-wide
emissions, opportunities, etc.), to name a few. There are also
categorical features representing different cities and countries.
With a total of 869,313 entries, each entry corresponds to a
specific city’s data, which gives an overview of various factors
contributing to food insecurity. The dataset includes 18 features
per location along with approximately 49,000 rows representing
categorical features with the different cities and countries.

Given the categorical nature of certain features, preprocess-
ing was necessary to convert categorical data into numerical
counterparts. This was done through label encoding, ensuring
that the data could be effectively processed by machine learning
algorithms. Without this step, categorical variables such as coun-

try and organization names would not be interpretable by the
model. For this model, the country, organization, year reported
to CDP, and CDP regions were chosen as the sole variables.
This helped tremendously in identifying which features were
the most relevant to the research question.

This dataset is also solely composed of self-reported data.
This can introduce biases due to underreporting, inconsistent sur-
vey methods, and regional differences in data collection. Some
areas may overestimate or underestimate food insecurity levels
based on political influences or reporting standards, leading to
potential inaccuracies in the model. While this can introduce
some biases, the dataset used in this study provides valuable
insights due to its extensive global coverage and consistent re-
porting from trusted organizations.

Another crucial aspect of preprocessing was handling miss-
ing values. The dataset contained null values in several key
features, including food insecurity cases, organization, and par-
ent section data. To maintain the dataset’s integrity and avoid
dropping valuable records, missing values were filled with 0
where appropriate. However, careful consideration was given
to this approach, as filling missing values with 0 assumes that
the absence of a value means ”no data available” rather than
zero reported cases. This decision was particularly impactful
for food insecurity case counts, as a missing value does not
necessarily indicate zero food insecurity cases but rather a lack
of reported data. However, this also means that replacing these
values with 0 may lead to an underestimation of food insecurity
prevalence in those areas, as it does not account for unreported
but potentially significant cases.

The dataset contains several key features, including year,
country, organization, and region, which were carefully selected
for their relevance in predicting food insecurity. Year was in-
cluded to analyze trends over time and assess how food inse-
curity fluctuates due to economic, political, and environmental
factors. Country serves as a crucial indicator, as food insecurity
varies significantly across nations due to differences in economic
stability, agricultural output, and social policies6. Organization
represents the entities reporting the data, which helps identify
how different institutions contribute to food insecurity efforts
and may introduce variability in reporting standards. Region
provides a more localized view, allowing the model to detect geo-
graphic patterns and disparities within countries. These features
were chosen because they collectively offer a comprehensive
understanding of factors influencing food insecurity, enabling
the machine learning model to make more accurate predictions.

Instances of data imbalance were noticed when certain cate-
gories or sections in the dataset had significantly more data than
others, which is the case in our study, where certain regions or
years have more recorded instances of food insecurity. This im-
balance can impact the results by causing the model to be biased
toward the more frequent categories, potentially leading to less
accurate predictions for underrepresented sections. The model
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may overfit to the more common data points, resulting in lower
performance when predicting food insecurity for areas or years
with fewer data points. We addressed this imbalance through
techniques like oversampling, under sampling, or reweighting
which helped improve the model’s overall reliability and accu-
racy across all categories.

A noticeable spread in the year variable was noticed as well,
with potential outliers present. These outliers may be attributed
to inconsistent or incomplete reporting across different periods,
as some years had significantly fewer recorded cases of food
insecurity while others experienced spikes due to economic
downturns, climate-related disasters, or policy changes. For
instance, global crises such as the COVID-19 pandemic in 2020
or economic recessions in the late 2000s may have caused irreg-
ularities in reporting trends, leading to fluctuations in the dataset.
Additionally, discrepancies in how cities and organizations re-
ported their data across different years could have introduced
variability. The presence of these outliers is essential, as they
provide insights into how external events influence food inse-
curity trends rather than simply being dismissed as errors. By
accounting for these variations, the model can better interpret
periods of heightened food insecurity and adjust predictions
accordingly.

To train and evaluate these machine learning models, the
dataset was split into training and testing subsets. Eighty percent
of the data was assigned for training and the remaining 20% for
testing. This 4:1 ratio was chosen based on the general practice
of using 70-90% of data on training. Additionally, the model
was trained on a diverse set of data and evaluated on unseen
samples, allowing for improved performance assessment.

The dataset chosen accounts for regional and cultural differ-
ences by incorporating data from various countries and regions,
allowing the model to recognize how food insecurity varies
across different socioeconomic and geographic contexts. Since
food availability, consumption habits, and reporting standards
differ between regions, the dataset adapts by including localized
factors such as regional food waste, overconsumption, and city-
wide emissions. This ensures that predictions are not biased
toward a single country’s food insecurity patterns but instead
reflect global disparities and localized trends. By considering
these factors, the dataset provides a more comprehensive and
adaptable foundation for predicting food insecurity across di-
verse populations.

Methods

The supervised learning technique was used, which was a cate-
gory of machine learning that employs labeled data to predict
outcomes and recognize patterns. The country, organization,
and Year Reported to CDP are input variables within this model,
with the prevalence of food insecurity being generated. With
factors like poverty and distribution inefficiencies making food

insecurity worse, the importance of using AI to spread aware-
ness and potentially allocate resources was tremendous.

This exploration included many machines learning models
such as Linear Regression, which provided a good understanding
by fitting a linear equation to the data. Techniques like Ridge
Regression and Lasso Regression were also used to prevent
overfitting and increase the model’s generalization. Decision
trees and support vector regressors were also attempted, which
offered different approaches to uncover patterns in the data. To
determine the optimal model, the mean squared error, mean
absolute error, and R2 score were all taken into account. Mean
squared error measures the average of the squared differences
between predicted and actual values, penalizing larger errors
more heavily. Mean absolute error calculates the average of
the absolute differences between predicted and actual values,
providing a straightforward measure of prediction accuracy. R2
score represents the proportion of variance in the data that is
explained by the model, with a higher R2 indicating a better fit,
and is measured on a scale from 0 to 1.

The Linear Regression Model is often used to establish a
linear relationship between the input features and the target vari-
able. It works by fitting a straight line to the data by minimizing
the sum of squared differences between predicted and actual
values. This model is advantageous because of its simplicity
and interpretability. However, it assumes a linear relationship
between variables, making it ineffective for capturing complex
patterns in the data, and one of the major reasons it was not
chosen as the model best for this data. In our analysis, Linear
Regression produced a mean squared error of 138,456, a mean
absolute error of 3,492.54, and an R2 score of 0.65, indicating
moderate predictive power but lower accuracy compared to the
other more advanced models.

The Ridge Regression Model was an extension of Linear
Regression that included an L2 regularization term, which pe-
nalizes large coefficient values to reduce overfitting. Ridge
regression is beneficial when the dataset has many correlated
features that could lead to high variance in predictions. However,
its main drawback is that it shrinks coefficients toward zero but
never eliminates them, meaning that all input features remain in
the model even if some have little impact on predictions. Ridge
Regression performed slightly better than basic Linear Regres-
sion but was still outperformed by the more complex models
in our study. This model produced a mean squared error of
140,256, a mean absolute error of 4,322.64, and an R2 score of
0.57.

Lasso Regression is similar to Ridge Regression but incorpo-
rates L1 regularization, which forces some feature coefficients to
zero, effectively performing feature selection. This makes Lasso
useful for high-dimensional datasets where some features may
be irrelevant. By reducing the complexity of the model, it helps
improve interpretability and reduce overfitting. However, an
aggressive penalty may lead to the exclusion of important vari-
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ables, weakening predictive performance. In our study, Lasso
Regression showed improvements in generalization compared
to Linear Regression, but it did not achieve the lowest error due
to the complexity of food insecurity prediction, which relies on
multiple interacting factors. It produced a mean squared error
of 200,152, a mean absolute error of 5,223.61, and an R2 score
of 0.59.

The Decision Tree Regressor is a non-linear model that splits
data into subsets based on the most informative feature at each
step, creating a tree-like structure. Each branch represents a
decision rule, while the leaves contain the final predictions.
Decision trees excel at handling non-linear relationships, making
them a powerful choice for complex datasets. However, they
are highly prone to overfitting, meaning that while they perform
well on training data, they may generalize poorly to unseen
data. The model was only trained on 20% of the data, making
this regressor not optimal. It produced a mean squared error of
150,386, a mean absolute error of 5,125.87, and an R2 score of
0.68.

The Random Forest Regressor is an ensemble learning tech-
nique that builds multiple decision trees and averages their pre-
dictions to improve accuracy and reduce overfitting. Unlike a
single decision tree, which may be highly sensitive to training
data, Random Forest uses bagging to create diverse trees, im-
proving robustness. It also assigns feature importance, allowing
us to understand which variables have the most impact on food
insecurity predictions. In our study, Random Forest Regressor
consistently outperformed all other models, achieving a mean
squared error of 150,700, a mean absolute error of 59,166, and
an R² score of 0.78. These results confirmed that the model was
able to capture complex relationships in the data, making it the
most reliable predictor of food insecurity prevalence.

The mean squared error of 150,700 indicates the average
squared difference between the predicted and actual values,
demonstrating how far off the model’s predictions are on av-
erage. While a lower one is ideal, this value suggests that the
model is making reasonably accurate predictions but still has
some degree of error, which could be improved with further
tuning or additional data. The mean absolute error of 59,166
represents the average absolute difference between predicted
and actual food insecurity cases. This means that, on average,
the model’s predictions deviate by approximately 59,166 cases
from actual reported values. Lastly, the R² score of 0.78 suggests
that the model explains 78% of the variance in food insecurity
levels based on the input features. This relatively high R2 value
indicates that the model effectively captures the relationship
between food insecurity and its contributing factors, though
there is still 22% of the variation that is unexplained, possibly
due to missing variables or external influences not captured in
the dataset. Overall, these metrics demonstrate that the Ran-
dom Forest Regressor is a strong predictor for food insecurity
trends, though improvements in data quality, feature selection,

or hyperparameter tuning could further refine its accuracy.
The model works by analyzing patterns and relationships in

the input data to predict the target variable, in this case, food
insecurity. It starts by examining the features, and learning how
these attributes influence the outcome based on historical data.
Through a process of training, the model adjusts its internal
parameters to minimize the difference between the predicted
and actual values. It does this by identifying key patterns and
interactions within the data, effectively learning the rules that
best describe the relationship between the input features and the
target. Once trained, the model can then make predictions on
new, unseen data by applying the learned patterns, assessing how
the given inputs relate to food insecurity levels, and generating
the corresponding predictions. In doing so, it continuously
refines its ability to provide accurate forecasts by utilizing the
patterns and trends identified during training.

To ensure that the model was neither overfitting nor underfit-
ting, k-fold cross-validation was applied during model training
and evaluation. Cross-validation is a technique that helps vali-
date the model’s generalization ability by splitting the dataset
into multiple folds, training the model on different subsets, and
averaging the results. This approach prevents the model from
memorizing patterns in the training data (overfitting) while also
ensuring it is not too simple to capture relevant relationships
(underfitting).

For this study, 5-fold cross-validation was used, meaning the
dataset was split into five equal parts. The model was trained
on four of the five folds and tested on the remaining fold. This
process was repeated five times, with each fold serving as the
test set once. The final performance score was obtained by
averaging the results across all five iterations. This method
ensured that every data point contributed to both training and
validation, reducing the risk of biased model performance due
to an unlucky train-test split.

Feature importance analysis was conducted to determine
which variables had the most influence on predicting food inse-
curity. The Random Forest Regressor assigns importance scores
to each feature based on how much they contribute to reducing
prediction errors. Year was found to be a significant predictor,
as food insecurity trends fluctuate based on economic condi-
tions, policy changes, and global crises. Country and region also
played crucial roles, as geographic differences heavily impact
food availability, distribution efficiency, and government inter-
vention programs. Organization had a lower importance score,
indicating that while reporting entities contribute data, they may
not strongly impact the overall prediction.

Climate change is a significant factor that impacts food inse-
curity, as it exacerbates conditions like extreme weather events,
crop failures, and supply chain disruptions, which directly affect
food availability and accessibility7. While the dataset used in
this study provides valuable insights, there are important fea-
tures such as climate data that were not included. As the effects
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of climate change continue to intensify, climate-related vari-
ables will play an increasingly important role in predicting food
insecurity. Future models that incorporate this data, alongside
socioeconomic and geographical factors, will likely provide
more comprehensive and accurate predictions, better reflecting
the growing challenges posed by climate change.

After testing these models, the Random Forest Regressor
was selected as the final predictive model due to its ability to
generalize well and provide the highest accuracy. Further im-
provements were made by tuning hyperparameters such as max
depth and min samples split to enhance performance. Despite
occasional lower efficiency, the Random Forest Regressor con-
sistently outperformed other models in accuracy. Its ability to
capture complex patterns in the data while maintaining predic-
tive accuracy made it the best choice for this task.

Results

As various machine learning models were evaluated, the primary
focus was on the Random Forest Regressor due to its capabili-
ties in capturing complex patterns in the data while minimizing
overfitting8. Its R2 score, mean squared error, and mean abso-
lute error were all superior to the other models. The analysis
included a comprehensive assessment of model metrics, includ-
ing mean squared error, mean absolute error, and R2 score, to
determine predictive accuracy. The mean squared error was
approximately 150,700. The mean absolute error was about
59,166, while the R2 score was about 0.78. Comparatively, the
second-best model was the Linear Regression Model, which
generated a mean squared error of 138,456, and a mean absolute
error of 3492.54, and an R2 score of 0.65. The Linear Regres-
sion Model’s lower accuracy in all areas showed how it was not
a good fit for this data.

After establishing the baseline metric at 78% accuracy, hy-
perparameters were tuned to further increase the accuracy, and
the comparison is shown in Figure 1. This process involved
sampling values for hyperparameters, such as maximum depth
and minimum samples split. These hyperparameters have been
shown to work best with Random Forest Regressor models and
have condensed the data down for the model to process eas-
ier9. A thorough grid search and random search were also used
to further tune the model. The findings revealed that changes
in hyperparameter values significantly impacted model perfor-
mance with min samples split, in particular, having dramatically
improved results, as shown in Figure 2. For example, after im-
plementing the random state feature, a mean absolute error of
23,886.87 was able to be achieved, significantly better than with-
out the hyperparameter. After a grid search was conducted, the
best combination of hyperparameters were determined.

The achieved R2 score of 0.78 is a strong result, especially
considering the complex and multifaceted nature of food insecu-
rity, which is influenced by numerous socioeconomic, political,

and environmental factors. This score indicates that the model
successfully captures a significant portion of the variance in food
insecurity levels, though there is still room for improvement with
more refined data or advanced techniques.

The feature importance results showed that year and country
had the highest predictive power, reinforcing that food insecurity
is largely influenced by temporal and geographic factors. How-
ever, organization had minimal impact, suggesting that while
different institutions report food insecurity data, their identity
does not directly affect the prevalence of the issue. These find-
ings highlight that food insecurity is shaped more by structural
and external factors rather than the specific entities reporting the
data, and that models focusing on more geographic trends will
often have the more accurate predictions.

Visualizations played a key role in illustrating the research
findings, helping better understand and visualize the model’s
performance and predictive accuracy. Figures such as scatter
plots and histograms also showed the distribution of predicted
values against actual values10. As shown in Figure 3, the mean
absolute error significantly improved as the number of epochs
were increased. This offered a visual representation of model
performance. Additionally, tables containing the stated hyper-
parameter values and corresponding accuracy metrics provided
a better understanding of this process and its impact on model
performance. For example, the random state hyperparameter
on its own decreased the mean squared error by about 5,000.
Having been able to compare the accuracy and distribution of
predicted values alongside each other tremendously assisted
in drafting more code and further visualizing what additional
actions were necessary.

While efforts were made to increase the model’s performance,
there were instances of error. Occasionally, the model had a
low level of performance, with accuracy metrics falling below
expectations with an R2 score of 0.3. Expectations were based
on average results with a random forest regressor model trained
on vast amounts of data. This resulted in re-running of code cells
and debugging errors. These differences could be from various
factors, including data quality issues and model complexity.

The missing values in the dataset can impact the reliability
of the model, as gaps in data can lead to potential biases if
not handled appropriately. In this case, missing values were
addressed by filling them with zeros, assuming that missing data
represents no recorded cases rather than missing information.
While this approach helped maintain dataset integrity and al-
lowed the model to process the data efficiently, it may introduce
some bias, especially in areas where data was not reported. De-
spite this, the overall approach still allowed the model to make
meaningful predictions, With further improvements in handling
missing data, future models could achieve even more accurate
and reliable results, better capturing regional and temporal vari-
ations in food insecurity. It was also noticed that the model
tended to perform more accurately in the Western Hemisphere
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as the majority of the data in the dataset was from this area.
Utilizing more datasets with broader statistics would improve
the accuracy even more.

After optimizing the model, and achieving an R2 score of
0.78, it was tested to assess real life scenarios. The country
“United States”, the city “Sacramento”, and the year reported
to CDP of “2030” were inputted into the model. The account
number (cases of food insecurity) generated was 457,659. This
was also tested with the year 2050 in the same region. The
number of food insecurity cases generated was 523,328. The last
available dataset from 2023, stated that approximately 448,000
people suffered from food insecurity in this region. As shown
in Figure 4, this model indicates that there is a strong likelihood
that the number of food insecurity cases in this region will
continue to worsen if not addressed11.

Fig. 1 Table of tested hyperparameters and their effects on model
performance.

Fig. 2 Grid Search after choosing the random state hyperparameter.

Conclusion

This research paper addressed the critical question: ”How can
machine learning be used to predict the prevalence of food
insecurity worldwide?” The goal was to use machine learning to
provide information about this pressing global issue. A model
was developed allowing individuals to input various factors such
as their organization and geographic locations, predicting food
insecurity levels in specific areas.

Fig. 3 Graph of Mean Absolute Error per Epoch over 100 epochs.

Fig. 4 Projected Food Insecurity Cases Sacramento, California
(2020-2070).

The significance of this research lies in its potential to offer
important knowledge for combating food insecurity worldwide.
Knowing where to allocate resources, and what areas might be
affected next is crucial.

This machine learning model offers significant potential in
real-world settings, especially in predicting food insecurity. It
can provide valuable insights into trends and help policymakers
and organizations allocate resources more efficiently, ultimately
improving the timeliness and effectiveness of interventions. By
leveraging machine learning, food insecurity predictions can
become more accurate and tailored to specific regions, allowing
for proactive measures to be taken before crises escalate.

Rigorous data analysis was performed using the ”KPIs for
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Food Waste, Insecurity, & Overconsumption” dataset. Various
machine learning algorithms were also utilized, with the Ran-
dom Forest Regressor emerging as the most accurate model.
Through data preprocessing and feature selection, the dataset
was prepared for training and testing. The results showed
promising levels of accuracy, with the Random Forest Regressor
consistently outperforming other models.

Utilizing more comprehensive datasets and data preprocess-
ing techniques will be crucial in enhancing this and other models’
performance. Incorporating qualitative data could also provide
another level of depth. Using different machine learning mod-
els that further increase the accuracy for regression-based data
preprocessing techniques is also a possibility. Utilizing dis-
cretization, normalization, or data transformation techniques
may also be useful. Experimenting with different data prepro-
cessing techniques and datasets has much potential as it has the
ability to build on wider bodies of data that are available.

While these research findings provide key information into
the importance of machine learning models in addressing food
insecurity, it is essential to understand that there are certain
limitations and challenges associated with predictive modeling
in this domain12. Moving forward, more efforts to improve
machine learning algorithms, along with data collection and
preprocessing techniques, will be very important in advancing
understanding and mitigating food insecurity on a global scale.

Relying on predictions from machine learning models, par-
ticularly in critical areas like food insecurity, raises important
ethical considerations. While these models can provide valuable
insights and inform decision-making, they are also subject to
inaccuracies, biases, and limitations, especially when trained
on incomplete or imperfect data. Therefore, it is crucial to use
these models as tools alongside human expertise and other data
sources, ensuring that decisions are well-rounded, transparent,
and considerate of the potential risks of errors in the predictions.

This model was trained on data from 1950 to 2023, captur-
ing trends and patterns across multiple years to predict food
insecurity. Given the complexity of the issue, the model can
provide reasonably accurate predictions for the next 100 to 150
years, with the range of expected accuracy typically being more
reliable for near-future predictions (2125-2175) and gradually
decreasing as it extends further into the future (beyond 2075).
The accuracy may also be influenced by changes in global con-
ditions, such as economic shifts or climate change impacts.

In conclusion, this research serves as a pivotal step in under-
standing and thereby addressing food insecurity worldwide by
using machine learning. By continuing to refine different models
and methodologies, the goal was to provide a meaningful contri-
bution to the global effort to combat this pressing humanitarian
challenge. By spreading awareness, and allocating resources
where needed, this model can play a vital role in eradicating
hunger.
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