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Abstract:  

Background: Machine learning has revolutionized situational awareness during disaster manage-

ment by classifying, clustering, and predicting impacted locations and people. Despite its im-

portance, no review has been conducted on machine learning tools for food assistance efforts during 

emergency or non-emergency situations. The purpose of this scoping review is to address that gap.  

Methods: Keywords were defined within the concepts of food assistance and machine learning. 

After the database searches, PRISMA guidelines were followed to perform a partnered, two-round 

scoping literature review. Text mining and Latent Dirichlet Allocation topic modeling algorithms 

were used to determine trends.  

Results: 28 articles met criteria and were included in the analysis. The types of study designs in-

cluded: model development (42.9%), non-study (i.e., text and opinion) (28.6%), qualitative research 

(14.3%), case study (10.7%), and meta-analysis (3.6%). There were no quantitative studies. The ma-

chine learning tools’ main functions were improving SNAP programs (32.1%), detecting needs and 

resources (25%), predicting food insecurity (21.4%), and situational awareness of current food inse-

curity issues (21.4%). None of these studies took place during a disaster or explicitly addressed 

emergency mitigation, preparedness, or recovery. All of the studies were in early phases of devel-

opment and implementation.  

Conclusion: Machine learning tools for improving situational awareness, resource allocation, poli-

cymaking, and prediction have the potential to improve food assistance, but there is a lack of im-

plementation and evaluation during all disaster phases. Also needed is more formative work on 

generating food-related queries and defining variables and features of food security.  

Keywords: Artificial intelligence, machine learning, food security, food assistance 

 

Abbreviations: GPS (Global Positioning System), LDA (Latent Dirichlet Allocation), PRISMA (Pre-

ferred Reporting Items for Systematic Reviews and Meta-Analyses) Checklist, SNAP (Supplemental 

Nutrition Assistance Program), U.S. (United States) 

 

 

1. Introduction 

Since 2015, the world has been experiencing an increase in food insecurity and under-

nourishment, and, uncoincidentally, the expanding impacts of climate change, natural 
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disasters, and humanitarian crises.1,2 These threats impede the achievement of the 

United Nations’ 2030 Sustainable Development Goal of “zero hunger.”3 Reducing the 

impact of these threats to food security through early warning and response to food se-

curity crises is not only important for saving lives and reducing suffering, but early ac-

tion is also more efficient since it can yield significant cost savings of humanitarian 

aid.2,4  

Detecting and predicting food insecurity can be challenging because of the underlying 

network of variables from food chain aspects, such as food availability, access, utiliza-

tion, and stability, to socio-economic factors such as poverty, race, and neighborhood 

characteristics. Food must be available for people to access it, and target populations 

must be aware of its availability and able obtain it.  

From a disaster’s impact through long-term recovery, one of the most basic management 

tasks is to support nutritional needs by classifying and predicting the food needs and 

regional availability. This is a key component of situational awareness, or the “ability to 

identify, process, and comprehend the critical information about an incident.”5 During 

the COVID-19 pandemic, while other fields have matured their real-time situational 

awareness technologies, these efforts have been notably lacking for food distribution 

agencies.6,7 A recent scoping review of digital tools for emergency food assistance 

found that the food security sector is lagging behind others in terms of use and research 

on modern digital technologies to improve situational awareness during disasters.8  

One approach that other fields are using for classifying and predicting needs is machine 

learning, a sub-field of artificial intelligence (Figure 1). In the simplest sense, machine 

learning algorithms are models of a system where the parameters are learned via the 

data. Machine learning algorithms have proven vital for a variety of tasks related to clas-

sification, predictive modeling, and analysis of data.9 

Machine learning has been heavily implemented already by the agriculture sector to pre-

dict and detect food insecurity issues like pest control, weather changes, crop shortages 

and yields, food safety issues, and food fraud.10–24 Other sectors, such as the restaurant 

industry, have used it for social listening, which is the process of tracking, analyzing, 

and iteratively improving services, brands, or products in response to client conversa-

tions on social media.25,26 Public health researchers have also used machine learning 

for social listening to understand and predict trends on social media, recognize image 

patterns, and identify relationships between diet, personality traits and obesity.27–30 

During the COVID-19 pandemic, it’s been used to understand public discourse on 

COVID-19 in general31–33, wearing masks34, vaccine hesitancy35, racism and equity36, 

as well as document government action37, predict new cases38,39 and categorize symp-

toms.40 A critical gap in situational awareness and intervention remains in predicting 

and identifying disaster victims’ needs and getting the proper supportive resources to 

the right place, at the right time.41 

While these strategies have been applied to some extent for disasters such as earth-

quakes, floods and tsunamis to generally detect resource need and availability on social 

media,42–44 limited attention has been given to how these strategies can be harnessed to 

track food assistance efforts for individuals in need.  

To better assess: the growing availability of machine learning as a tool for public health 

researchers and practitioners,9,45–48 advancements in capabilities for predicting and 

detecting food insecure individuals, and review the capabilities of social listening for 

available resources, we conducted a scoping literature review. This scoping review aims 

to assess the past decade’s knowledge base of machine learning for food assistance that 
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aims to improve situational awareness of food needs and resources and predict food 

insecure events and populations. The specific aims were to:  

1. Define the scope and methods of current research regarding machine learning tools 

used for improving food assistance to vulnerable individuals and communities 

2. Describe the available tools in terms of key functions, data collected, machine learning 

models, platform, and food security settings 

3. Use text mining and topic modeling to define themes in the corpus of reviewed arti-

cles to define gaps and challenges in the field  

2. Materials and Methods 

2.1. Literature Search 

To define the current literature concerning the use of machine learning to improve 

food assistance for vulnerable populations, a scoping review was conducted of peer-

reviewed and grey literature in August 2021. PubMed, Embase, PsychInfo, Scopus, and 

Web of Science databases were used to identify studies published from 2011 to 04 Au-

gust 2021.  Search terms were developed using a combination of controlled vocabulary 

and keywords to define the concepts of food assistance and machine learning, and terms 

were adapted for use in each database. The key terms for machine learning were 

adapted from methods validated by Wang et al.(49) To address the grey literature, simi-

lar terms were used to develop searches for Google, Science.gov, Worldwidescience.org, 

the World Food Programme, United States Agency for International Development, 

UNICEF, and Feeding America websites.  A summary of the search strategy is pre-

sented in Table 1 and the full search strategy for the PubMed database is presented in 

Supplementary Table 1.Using the PRISMA (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses)50 Checklist as a guide throughout, all citations were im-

ported into Covidence systematic review software (Veritas Health Innovation, Mel-

bourne, Australia) to facilitate removal of duplicates, screening, and full-text review.51 

Utilizing a blinded, dual review process, each article was first screened by the title/ab-

stract, followed by a full-text review. Conflicts were resolved by a third reviewer. Inclu-

sion and exclusion criteria are presented in Table 2. Machine learning descriptions were 

included from any country, provided that the article included machine learning that 

was, or could be, used in improving food security by connecting individuals or groups 

to food resources and was in the English language. A data extraction tool was developed 

in Covidence to extract the included the articles’ title, first author last name, year of pub-

lication, data type, food insecurity setting country and city, food insecurity cause, study 

aim, study design, type and purpose of intervention/tool, digital platform type, interven-

tion methods, intended users, intended beneficiaries.  

2.2. Thematic analysis using topic modeling 

Topic modeling is an unsupervised machine learning technique (see Figure 1) that 

uses statistical modeling to scan a set of documents, detect word and phrase patterns 

within them, and automatically cluster word groups and similar expressions that best 

characterize a set of documents.(53) The type of unsupervised learning algorithm used 

in this study was Latent Dirichlet allocation (LDA). This is a commonly used statistical-

based model for exploratory data analysis of previously unseen, unstructured textual 

data.(32,53–55) LDA topic modeling may be preferred to traditional qualitative ap-

proaches because it summarizes textual data at a scale beyond the capacity of human 

annotation.(54) By deriving a probabilistic clustering, or latent topic distributions, LDA 
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topic models can identify patterns within the texts; it enables efficient classification of 

large bodies of data based on patterns and features.(32) The output of the LDA model, 

therefore, is a set of 30 key terms and their likelihood that the given word will be used in 

conjunction withing a given topic. This technique can be used for literature reviews as 

an additional, objective method to understand overarching themes per study and per the 

entire corpus (aka set of documents to be analyzed). 

LDA was run via the Python(56) coding language and in the online coding note-

book Google Colaboratory(57).  The full Google Colaboratory notebooks are available 

on GitHub.(58–60) The protocol used by Prabhakaran(54) was employed to run and vis-

ualize the results of the LDA modeling. Briefly, all pdf articles included in this review 

were converted to text files, exclusive of meta data, sections headings, and references. 

This text was further preprocessed to remove punctuation, “na”, and convert all letters 

to lowercase. Stop words, i.e. the/in/or, were removed. Finally, the generated string was 

converted to a list.  Word, bigram, and trigram frequency per document and the entire 

corpus was calculated and visualized. In order to select the optimal number of topics to 

analyze from the corpus, the coherence score, alpha, and beta model hyperparameters 

were calculated on 75% of the corpus as described by Kapadia.61 An additional model 

evaluation method was used via the pyLDAvis package to produce a dynamic intertopic 

distance map (via multidimensional scaling) including a list of the top 30 most salient 

terms overall and 30 most relevant terms per topic.62 The topic modeling algorithm, La-

tent Dirichlet Allocation (LDA), was run via the Python53 coding language and in the 

online coding notebook Google Colaboratory54.  The full Google Colaboratory note-

books are available on GitHub.55–57 The protocol used by Prabhakaran58 was employed to 

run and visualize the results of the LDA modeling. Briefly, all pdf articles included in 

this review were converted to text files, exclusive of meta data, sections headings, and 

references. This text was further preprocessed to remove punctuation, “na”, and convert 

all letters to lowercase. Stop words, i.e., the/in/or, were removed. Finally, the generated 

string was converted to a list.  Word, bigram, and trigram frequency per document and 

the entire corpus was calculated and visualized. In order to select the optimal number of 

topics to analyze from the corpus, the coherence score, alpha, and beta model hyperpa-

rameters were calculated on 75% of the corpus as described by Kapadia.59 An additional 

model evaluation method was used via the pyLDAvis package to produce a dynamic 

intertopic distance map (via multidimensional scaling) including a list of the top 30 most 

salient terms overall and 30 most relevant terms per topic.60  

3. Results 

Of the 3,984 unique articles identified in the final search (which included 72 articles 

from the grey literature and 3,912 peer-reviewed publications), 3,224 were excluded at 

the title/abstract screening stage. Of the 131 studies included in the full text review, 39 

(66.1%) peer-reviewed studies were excluded for the following reasons: 21 were not food 

security related, 6 did not include machine learning, 5 were related to agricultural set-

tings, 5 pertained to food safety issues, 1 was outside of the date range, and 1 pertained 

to food quality. The PRISMA diagram is presented in Figure 2 and the final list of re-

viewed articles is presented in Table 3.  

3.1 Descriptive Research Statistics 

The final synthesis included 20 peer reviewed and 8 gray literature studies (Table 

3). The types of data presented in the studies were 57.1% qualitative, 28.6% quantitative 

and qualitative, and 14.3% models/codes. Types of study designs included: model devel-

opment (42.9%), text and opinion (28.6%), qualitative research (14.3%), case study 
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(10.7%), and meta-analysis (3.6%). There were no trials or wide scale implementation of 

the tools. 

During the 2011-2021 search period, over half (82%) of the 28 articles were pub-

lished in the last five years (Figure 3). The year with the highest volume of publications 

was 2020 (25%), followed by 2018 (21.4%). There were zero studies published in 2011, 

2012, 2013, or 2017.  

Geographically, the largest portion of the included studies took place in the United 

States (50%), followed by the United Kingdom (14%), Brazil (4%), Ethiopia (4%), Malawi 

(4%), India (4%), Pakistan (4%), South Africa (4%), and Uganda (4%). Five studies aimed 

for a global impact and did not specify one location.  Based on these locations, the ma-

jority of articles focused on high income countries (61%), followed by low income (11%), 

upper middle income (7%), and lower middle income (7%) countries. 

Articles were also classified by food insecurity cause as well as intended users and 

beneficiaries. The distribution of food insecurity causes was largely undefined across the 

articles; half of the articles did not define a cause. Causes mentioned included famine or 

lack of food (13.2%), poverty (13.2%), economic or financial crisis (7.9%), hurricanes 

(5.3%), terrorism or political unrest (5.3%), and COVID-19 (2.6%). None of these studies 

took place during any phase of the disaster lifecycle or during an active disaster. Two 

studies looked at historical disaster data. Among the wide range of intended users and 

beneficiaries, the most frequently mentioned are: food banks and pantries, humanitarian 

relief agencies, policymakers, food donors, food recipients, researchers, SNAP program 

managers and users. 

3.2 Thematic analyses via topic modeling 

The results of the model evaluation indicated that 9 topics had the highest coher-

ence score (Supplementary Figure 1) and thus were selected for further analysis. Using 

topics equal to 9, the model had the highest coherence value with the hyperparameters 

alpha equal to ‘asymmetric’ and beta equal to .31. To confirm these results, an intertopic 

distance map was constructed using pyLDAvis algorithm60 and visualized in Supple-

mentary Figure 2. This map shows an optimal spread of topics, with little to no overlap-

ping circles.  

Using the data presented in Supplementary Table 2 along with qualitative analysis 

of representative text, topics were labeled and are presented in Table 4.  The nine topics, 

with top three associated terms, are: detecting SNAP application fraud (churn, client, 

benefit), characterizing new and existing SNAP users (snap, household, new), predicting 

donations to food banks (amount, supermarket, receive), World Food Program initia-

tives (security, blockchain, level), sentiment [classification] analysis of tweets (tweet, 

classifier, sentiment), changes in food supply and demand during the pandemic and 

other disasters (demand, change, country), forecasting food rescue needs and resources 

(system, rescue, value), predicting household food insecurity (security, household, 

level), and hurricane preparedness and response on Twitter (mention, hurricane, twit-

ter). 

Not all topics in the corpus are equally important. To understand which topics are 

the most important, topic dominance and weightage were calculated per document and 

per the corpus were calculated (Figure 4). Seven out of the nine topics were dominant, 

meaning that they had high contribution rates within many of the documents. These 

dominant topics (and the top three frequent words) were detecting SNAP application 

fraud (churn, client, benefit), characterizing new and existing SNAP users (snap, 
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household, new), sentiment analysis of tweets (tweet, classifier, sentiment), 6 (demand, 

change, country), predicting food rescue needs and resources (system, rescue, value), 

predicting food insecurity (security, household, level), and hurricane preparedness and 

response on Twitter (mention, hurricane, twitter). Two topics were considered less im-

portant in the corpus: predicting food bank donations (amount, supermarket, receive) 

and World Food Programme Initiatives (security, blockchain, level). The number of doc-

uments per dominant topic and topic weightage are shown in Figure 4. For example, 

topics 3 and 4 had both zero to few documents by dominant topic and by topic weight-

age. Conversely, Topic 2 had both a high number of documents by dominant topic and 

topic weightage. This means that topic 2 is dominant to topic 3, for example. 

Finally, the frequency and density of keywords in the topics were calculated, 

shown in Supplementary Figure 3. These graphs show word count (left axes) versus 

word density (right axes) for three representative dominant topics (topics 1, 2, and 7) 

and one representative non-dominant topic (topic 3). Words that had lower word den-

sity than word count across multiple topics were removed from the analysis. This in-

cluded, for example, food, data, and model.  

3.3. Word frequency patterns in entire corpus 

After removing stop words and low-density words such as food, data, and model, 

a list of the most to least frequent words, word pairs (bigrams) and trigrams was com-

puted. The top 30 of these words and phrases are shown in Figure 5. The top five words 

identified were tweet, household, information, different, and level. The top words re-

lated to machine learning applications, specified with examples in Figure 5, were classi-

fying, mining text, mapping and clustering, predicting, assisting, and image detection. 

The top 8 referenced algorithms, defined in Figure 5, were artificial neural networks, 

support vector machine, sentiment analysis, regression, decision tree, topic modeling, 

random forest, and k nearest neighbors. The top 10 word frequencies related to disasters 

and emergencies were food insecurity, hurricane, disaster, pandemic, hunger, drought, 

natural disaster, earthquake, conflict, and climate change (Supplementary Figure 4). 

3.4 How Machine Learning is Currently Being Used to Address Food Insecurity 

Using the results from the descriptive statistics and topic modeling, Table 5 sum-

marizes trends from the entire corpus, including categories of machine learning tool 

types, goals, challenges, frequently used algorithms, and intended users and beneficiar-

ies. The four tool types described in the corpus included: improving SNAP programs 

(32.1%), detecting needs and available resources (25%), predicting food insecurity 

(21.4%), and situational awareness & characterization of current food insecurity issues 

(21.4%). 

i. Improving SNAP programs 

The most frequent goal presenting within this corpus was characterizing and im-

proving SNAP programs and its users. This included tools for application pre-screening, 

understanding churn, predicting fraud, characterizing user needs, and classifying types 

of users. The motivators for developing these tools were addressing hunger and famine, 

poverty, and financial crises. Most of these studies (n = 6) did not specify a specific moti-

vator other than food insecurity. The intended users and/or beneficiaries of these studies 

were food banks, policymakers, and SNAP program manager and users. The most fre-

quently used algorithms for characterizing SNAP programs were natural language pro-

cessing algorithms for sentiment analysis, topic modeling, and artificial neural networks. 

The top three reported challenges for this category were (1) poor accuracy of algorithms; 
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(2) fear of government using machine learning to discriminate against SNAP users; and 

(3) lack of complete and/or accurate data. 

ii. Detecting needs and available resources 

This tool category pertains to improving resource allocation between food donors 

and recipients inside and outside of disaster settings. This includes allocation between 

food banks and food pantries, as well as between supermarkets and food rescue organi-

zations and food banks. During disasters, these tools can also be used to search for disas-

ter-impacted individuals and connect them with relief organizations. The causes of food 

insecurity to be addressed by these related studies included COVID-19 (n = 1), hurri-

canes (n = 3), or not specified (n = 4). The intended beneficiaries and/or users of these 

tools included food banks, food donors, grocery stores, policymakers, producers, hu-

manitarian relief workers, food recipients, and volunteers. The top three challenges to 

implementing these tools were (1) some countries do not frequently use social media; (2) 

Internet may be unavailable during disasters; (3) requirement of adequate data collec-

tion from multiple sources to return accurate results. Although some of these tools were 

intended to address response during a disaster, none of these took place in real-time, but 

were more proof-of-concept studies using historical, for example, hurricane data. 

iii. Predicting food insecurity 

Predicting food insecurity included both nowcasting and forecasting at the individ-

ual, household, regional, and global levels. The motivation for these studies was to ad-

dress poverty, threats from climate change, or lack of food. Two studies did not specify a 

motivator beyond food insecurity. The intended users and/or beneficiaries of these tools 

were humanitarian relief workers and agencies; policymakers; researchers; food donors; 

and food recipients. Most frequently used algorithms were Random Forest,89 Regres-

sion,90 and XgBoost.91 The top three reported challenges with predicting food insecurity 

were: (1) data issues (i.e. lack of data; countries collecting different types of metrics); (2) 

algorithm and feature selection: complex variables and confounders; and (3) lack of po-

litical will to predict food security issues. 

iv. Situational awareness and characterization of current food insecurity issues 

These situational awareness tools were intended for classifying and nowcasting 

current food security needs for both disaster and non-disaster settings. A major goal of 

these tools was for decision support for policymakers and relief organizations. This in-

cluded characterizing and nowcasting food security individuals and their needs at the 

household level, improving policymaking for current users of food insecurity programs, 

and understanding opinions of policymakers and media outlets on current food security 

issues. Most studies in this category (n = 6) did not list a cause for food insecurity; one 

study mentioned poverty as an important cause. The intended users and beneficiaries of 

these tools included policymakers, researchers, stakeholders, food recipients, or OLIO (a 

food rescue application) users. There were many proposed algorithms for this type of 

tool, including Support Vector Machine, Bayesian belief network, K nearest neighbors, 

and sentiment analysis. The top challenges with these models were (1) data issues: coun-

try-level monitoring is poor & varied; (2) model accuracy is dependent on expert under-

standing & selection of variables; (3) lack of use in disaster settings. 

4. Discussion 

The application of big data and machine learning techniques to the food security 

field is a relatively new and growing area of research; eighty-two percent of the articles 
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in this study are from the last five years. This scoping literature review, the first of its 

kind, sought to explore machine learning tools for food assistance. This review high-

lights the types of machine learning methods being implemented and evaluated, while 

identifying gaps in related publications, use of algorithms, and breadth of coverage of 

algorithms, topics, disaster types, phases, and locations. Our research revealed several 

important findings. We will first discuss the major technical findings of this review, such 

as preferred algorithms, typical set up steps, data considerations and technical chal-

lenges. Second, we will discuss the major applications and gaps of machine learning in 

food assistance strategies.   

i. Major technical findings and challenges 

The studies included in this review had similar approaches to setting up machine 

learning analyses. The typical research and development steps performed include re-

search question development, literature review, selection of best or most accurate algo-

rithm, dataset collection and/or selection, pre-processing of data, splitting of data into 

training and testing sets (for supervised learning algorithms, Figure 1), feature engineer-

ing and/or selection, parameter selection, running of training set, running of test set, sta-

tistical validation of model, and experimentation with new datasets. 

These studies always selected the algorithm based on a literature review and apply-

ing an algorithm from another field to food assistance. No study indicated that new al-

gorithms were needed, created or tested. Some studies chose their algorithm from 

among the most popular or based on past evidence77 and experience, while other studies 

chose their algorithm by testing of multiple algorithms within their research73,78 to deter-

mine the best fit and/or accurate model.  

A major difficulty in machine learning success is ensuring that the correct variables, 

features, parameters, and hyperparameters are selected and at the right, if applicable, 

proportions.  This is a challenge in the food security sector as the definition of food in-

security is complex and the variables represent complex socioeconomic variables inter-

acting with each other. 

The articles included in this review have tried to overcome this challenge in six 

ways. First, multiple articles employ a separate, initial algorithm for selecting features 

and/or modeling many features to select best fit. For example, Westerveld et al. 84 created 

50 additional variables using this approach, which led to improved model accuracy. Sec-

ond, some study teams recruited expert committees to define causal relationships be-

tween variables and select real-life variables based on experience before comparing these 

generated features to data/statistical model generated variables.77 The mixture of expert 

committees plus statistical model generated variables has improved model accuracy. 

Third, multiple studies performed generalization testing of many algorithms at once to 

verify which model led to the most accurate predictions.81,82,85,88 Fourth, a portion of stud-

ies employed systematic model evaluation methods like f-measures, sensitivity/specific-

ity tests, ROC (receiver operating characteristic curve or a graph showing the perfor-

mance of a classification model at all classification thresholds) or AUC (Area under the 

ROC Curve or an aggregate measure of performance across all possible classification 

thresholds) analysis and using training and test datasets. More machine learning studies 

in this field need to employ quantitative systematic model evaluation methods. Fifth, 

some studies initial their feature selection through an unsupervised learning algo-

rithm.78,81 The results of this model are used as the features in a second, supervised learn-

ing algorithms (defined in Figure 5). The combination of the two types of algorithms 

have been particularly useful in improving classification of needs and resource social 

media posts. Last, cross-validation, a commonly used statistical method to estimate the 
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performance (or accuracy) of machine learning models, was used in one study to protect 

against overfitting of a food security prediction model.67  

Related to the issue of defining parameters is that the model will only be as good as 

the data collected and/or available. Data was obtained through: household surveys and 

interviews, national historical records, Google trends, and Twitter scraping. Two studies 

reported the lack of national data as a major setback in predicting food insecurity at a 

sub-national level.73,78 It is unreasonable for single studies to collect the national-level 

data that is needed for some models to run accurately. They overcame this challenge 

through historical records from years where food security data was collected at a na-

tional level and use of available apps with large in-country user bases (e.g., OLIO and 

conducting cross-sectional household interviews to approximate the larger population). 

An important aspect and challenge for machine learned-based studies are also the 

proper pre-processing of data before running it through the algorithm. Pre-processing 

refers to steps taken to transform raw data into appropriately processed data usable by 

the algorithms. This may include converting all letters to lowercase, or removing punc-

tuation, stop words, or metadata. Different algorithms require differently processed 

data; and thus, understanding and taking the appropriate steps is critical to effective 

analysis.  

ii. Applications and gaps  

Considering 50% of the studies are set in the United States, it is understandable that 

the most frequently cited purpose for using machine learning is to improve and/or char-

acterize SNAP as well as characterize its users (32.1%).  

A set of these studies focused on understanding churn and fraud. Characterizing 

and predicting churn and fraud was observed in Topic 1, which was also a dominant 

topic in the corpus. Churn is when customers join a program, quit, then join again in a 

short period. While there are some legitimate reasons for customers to do so, it is also a 

generally recognized indicator of possible fraud.75 The United States government be-

came more fixated on detecting fraud during the Trump presidency, and this matches 

with the highest volume of publications on this topic (2016-2020).92 

Another theme regarding SNAP, topic 2, concerns characterizing users past and 

present and understanding their changing needs. The pool of SNAP users has changed 

dramatically since the Great Recession.71 Hamad et al. are considering how new SNAP 

users may have different needs and backgrounds than those prior to 2008.71 This infor-

mation is critical to informing policymakers and SNAP program officers on how best to 

meet these changing needs. This topic was not considered less important within the cor-

pus according to topic modeling than the detection of fraud. 

The next frequently mentioned purpose of the identified tools was using machine 

learning for the classification of food needs and resources (25%). Using text mining and 

machine learning to classify needs and resource tweets is not a new feature set of con-

cepts. Specifically, prior studies identified social media posts containing information on 

the need and availability of resources in disaster situations. These studies used different 

methods of detecting needs and available resources, for example, natural language pro-

cessing93 and neural networks.42,94 These studies, while not particularly focused on food, 

concluded that traditional Information Retrieval and Natural Language Processing ap-

proaches often do not perform well over short, informally written microblogs. A pre-

ferred approach is to use neural network-based information retrieval models to identify 

need-tweets and availability-tweets. Current work in this field is testing neural network 
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algorithms to additionally match the need-tweets with appropriate availability-tweets. 

Methods specifically regarding food availability and needs remain sparse.  The tech-

niques described by this corpus to detect food resources and needs were based on stud-

ies from other fields and/or a general detection of needs during disasters (not necessarily 

food-related needs and resources).  

The largest challenge to success is generating an appropriate query with terms that 

retrieve all related content and its location in relation to a disaster setting. Purohit et al. 

(2013) provided a set of 18 regular expressions to identify specific types of need-tweets 

indicating donation requests for different resources, and tweets indicating the availabil-

ity of resources to be donated.95 There have also been attempts to develop tools that tap 

the capabilities of social media to identify need-requests and resource providers.95,96 Basu 

et al.94 and Khosla et al. 87 organized their searches using an Information Retrieval 

(search) task method, where appropriate query-terms are selected to form queries cor-

responding to needs and availabilities. However, the studies included in this current 

scoping review have only tried limited search terms, such as “food poverty Uganda.”77 

Not only does this return a wide range and non-resource or need related tweets, but it is 

also poor at specifying location. Retrieving location is integral to linking resources with 

needs. This study by Lukyamuzi et al. did clearly state this limitation and justified their 

query due to the atypically low numbers of Twitter users in Uganda.77 Instead, they con-

sidered perspectives from anyone mentioning Uganda. This would be a suitable tech-

nique for opinion mining on food security issues in Uganda. However, this a poor tech-

nique for real-time detection of food needs and resources.  

Another gap in this corpus is poor to no evaluation of the algorithms’ performance, 

particularly for studies not solely focused on nutrition issues. For example, Basu et al.94 

uses only F-scoring to evaluate the accuracy of the models used. In contrast to other 

fields, it is the gold standard to compare accuracy, precision, and F-scores.94 

In summary, tools for matching food resources to needs are lacking in modern 

methodologies used outside of the food focused literature. Rigorous search terms, loca-

tion data, and evaluation methods are critical to being able to understand the data land-

scape and progressing the field forward. Additionally, all of the studies are in the early 

development phases. Although the studies use algorithms that are well established, 

many do so as pilot studies or other proof of concept style research and not widely im-

plemented or evaluated.  

Next, 21.4% of the studies were concerned with predicting food insecurity of 

households and communities. There were multiple reasons for this focus. First, the au-

thors stated that certain countries, i.e., the United Kingdom and Malawi, do not collect 

information specifically on food security. Policymakers currently make decisions based 

on local reports which vary in quality, types of data collected, and data frequency. It is 

difficult for policymakers to understand the scope of food insecurity in their jurisdiction 

and classically policymakers have tended to underestimate food insecurity when not 

provided with adequate data.  Most of the studies aimed to influence or improve poli-

cymaking via use of machine learning technologies for predicting food security. Specific 

aims included evidence-based resource allocation, intervention design and implementa-

tion, call for better or consistent food security data collection, and showcasing the dearth 

of food insecurity information in specific countries, like the United Kingdom. However, 

a major criticism of this approach is that for policy makers, causal models are most likely 

more important, whereas the models used in this corpus are mostly correlative. In addi-

tion, the accuracy of the predictive models in this corpus was generally low, making it 

hard for decision makers to be confident in the predictions. Also, there is an inherent 

lack of explainability, from model input to output, in neural network models. This trait 
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may pose future challenges when these models are further developed—and this is a 

place where food specific methods may be important. Therefore, prediction of food secu-

rity might not be the right metric for policymakers, as robustness of datasets where 

there's domain or distribution shift is important.   

Other reasons for the focus on predicting food insecurity includes countries prefer 

to compare economic status through users of food insecurity programs over more tradi-

tional indicators like GDP.68 Some stakeholders worry that these traditional measures 

are corrupt, inaccurate, or are produced too slowly to be representative of current eco-

nomic status. 

Because of the complex interactions among dependent and independent variables 

of food insecurity, linear regression models (one to one or many to one variables) are not 

accurate in this context. Instead, artificial neural networks and other types of ‘many to 

many’ (i.e., many variables are related to many other variables) algorithms show prom-

ise.67 

A gap in the literature, notably grey literature, was State- and local-government use 

of machine learning for detecting and predicting food needs and available resources. 

Scraping, analyzing, and predicting social media for tweets has become an accessible 

form of machine learning and data science. It is cheap and relatively easy to set up 

within the last two years with the prevalence of packages.97–102 A search of state and local 

governments did not return any results. It is possible these methods are used but not 

advertised publicly. Future studies should include interviews and other qualitative re-

search with relevant government officials, e.g., emergency operations managers, to 

gauge the use of machine learning, if any, in these settings. 

While food assistance tools were not found through this search, State governments 

used machine learning for other public health issues. For example, New York City used 

machine learning algorithms to predict homelessness for more efficient public health 

interventions and resource allocation.103 Maryland State’s Task Force on Vulnerable Pop-

ulations uses machine learning to calculate COVID-19 risk analytics to prioritize deploy-

ment of manage-in-place field teams and coordinate emergency interventions with 

county health officers, area health plans, and local non-profit organizations.104 Massa-

chusetts State reported on the funding of projects to improve data and situational aware-

ness of the opioid epidemic.105  

4.1 Limitations 

This study is subject to several limitations. While we used search terms for machine 

learning from highly cited sources, there remains the possibility that relevant specific 

model were not included in the search. Despite this, we have taken care to include the 

most common machine learning models. Additionally, the complexity of machine learn-

ing creates many permutations of article types and publication locations. While we built 

our search iteratively to attempt to capture the broadest possible subset of the literature, 

it is possible that our search strategy missed critical studies. Furthermore, while our in-

clusion criteria was specifically tailored to English language literature and several key 

governmental and non-governmental search engines and websites, our approach may 

have systematically excluded otherwise worthy studies in non-English languages or that 

are not formally published in the major databases used in our research. Additionally, to 

ensure a specific focus on food security we did not consider machine learning tools that 

were  (1) Agriculture-based machine learning for detecting/predicting pests, weather 

changes, crop shortages or yields; (2) articles on food supply chain – previously re-

viewed (3) food recognition systems, food safety detection systems, food image 
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detection (4) customer satisfaction with restaurant or hotel food (non-food insecurity 

setting), (5) diet or obesity related without food insecurity component, (6) food fraud (7) 

forecasting food prices, (8) GIS/food mapping that didn’t involve machine learning. 

Lastly, our study addressed the scope of digital food emergency tools and not the qual-

ity of the studies themselves. 

Unsupervised learning algorithms, such as the LDA algorithm used for topic mod-

eling, are known to have limitations, such as lower accuracy of assigning tweets to the 

correct topic.55,61,97 For exploratory data analysis, observations, and preliminary detection 

of topics in an unfamiliar corpus, it is acceptable to use LDA modeling despite these 

known limitations.61,62 In addition, the study team used both AI-based and traditional 

methods for data extraction analysis to confirm results. The topic modeling results were 

in line with the traditional qualitative analysis results as shown in Table 4. Despite the 

limitations, this study highlights several key gaps in emergency preparedness interven-

tions and response while defining the scope of the existing literature with a food assis-

tance lens. 

5. Conclusions 

Based on the findings in this review, there are many opportunities for leveraging 

innovative machine learning technologies to improve food security globally. These ad-

vances remain ever pressing as global food security threats continue to emerge from a 

multitude of sources, including climate change, pandemics, and political unrest.2 The 

studies presented in this review uniformly were in early development and research 

phases and are mostly established in developed countries. This highlights the timely 

need for current work focused on developing machine learning technologies to improve 

a range of tools, including SNAP in the United States, real time detection of food needs 

and resources, and predicting food insecurity at the individual, household (most com-

mon), and global scale. 

Avenues for additional research, policy, and practice include re-focusing the re-

search agenda on low- and middle- income countries and under-resourced communities, 

instead of the current focus on mostly developed countries. In the United States, re-

search is heavily concentrated on machine learning strategies to improve SNAP in terms 

of resource allocation, fraud detection, and characterizing new and existing users. The 

focus on fraud detection is not an evidence based best use of this novel approach to im-

proving SNAP, as only 1.5% or less of applicants are deemed fraudulent and there is a 

high chance for discrimination.65,75,92 It would be highly beneficial to expand the research 

agenda in the United States to real-time detection of needs and resources, as is being 

studied in the United Kingdom and elsewhere. Local and state policymakers can highly 

benefit from this information to ensure that resources and needs are efficiently allocated 

during disasters. The machine learning models in this review, although in early research 

and development phases, show promise in being able to accurately detect real time 

needs and resources in a target population. 

There are two major barriers for the research regarding predicting food security. 

First, there is a lack of food security data available globally. Even developed countries, 

such as the United Kingdom, do not consistently collect this data. It would be highly 

beneficial for countries or international aid organizations to develop and routinely meas-

ure a single metric for food security. As Nica-Avram et al. points out, “unless the organi-

zations chiefly responsible for emergency food assistance (e.g., foodbanks, community 

cafes, food sharing applications) compile shared aggregate figures the prevalence of 

food insecurity (and its relation to food surplus) will remain obscure.”77 Second, ma-

chine learning algorithms are generally better at making observations or correlations 
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than causal relationships. Therefore, the prediction models presented in this review have 

lower-than-ideal accuracy. The intended end-users of these models, typically policymak-

ers and aid organizations, may not find the results of these models helpful or may not 

feel confident enough to use the predictions for decision-making and resource alloca-

tion.  

Considering these data and prediction limitations, research should be conducted in 

partnership with policymakers, aid organizations, and other stakeholders. This will en-

sure that the developed machine learning tools and associated dashboards meet the 

needs—and is used by—the intended end-users. As mentioned before, more useful and 

reliable are the machine learning tools for real time detection of food needs and re-

sources—and determining how to deliver the resources to those in need quickly. 

As reflected in this review, there are many policy and practice implications. The 

use of machine learning to classify new and existing food assistance program users can 

help policymakers more efficiently meet the needs of food insecure individuals and fam-

ilies while appropriately allocating government budgets. During disasters, real time sit-

uational awareness will allow policymakers to find and allocate resources efficiently to 

those in need. Predicting households and individuals that may experience food insecu-

rity in the short- and long-term can help policymakers and aid organizations better pre-

pare to meet future needs.  

This review supports the expansion of two major practice initiatives. First, comple-

mentary dashboards to Fewsnet and the World Food Programme’s Hunger Map Live 

should be built to show real time food needs and resources. As found by this review, 

machine learning algorithms for real time classification of needs and resources is more 

accurate and, most likely, helpful for policymakers and aid organizations to allocate re-

sources. Second, the use of machine learning tools can have ethical implications that 

need to be considered. For example, based on the discussion in this review, it is im-

portant for wider engagement on the misconceived perception of fraud in welfare pro-

grams like SNAP and whether machine learning tools are appropriate for this context.   
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TABLES 1 

Table 1: Databases Included, Search Terms Utilized, and Search Results by Database 2 

Databases 

   Bibliographic Databases 

 

 

   Gray Literature  

 

PubMed, Embase, Scopus, Web of Science, PsychInfo 

 

Google, Science.gov, Worldwidescience.org, World Food Pro-

gramme Website, U.S. Agency for International Development 

Website, UNICEF Website, Feeding America Website 

Key Search Terms* Machine Learning; Artificial Intelligence; Natural Language 

Processing; Support Vector Machine; Naive Bayes; bayesian 

learning; Neural network; random forest boosting; deep learn-

ing; sentiment analysis; text mining; opinion mining; social net-

work analysis 

 

Food Assistance; Food Supply; Food Bank; Food Security 

Search Results PubMed: 154 

Embase: 132 

Scopus: 1989 

Web of Science: 1601 

PsychInfo: 26 

*The key search terms were edited/formatted for each database. 3 

 4 

5 
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Table 2: Article Inclusion and Exclusion Criteria 6 

 7 

8 

Field Inclusion Criteria Exclusion Criteria 

Language English only Non-English language 

Publication Date Range 2011-2021 Outside of date range 

Technology Type Machine Learning Non-Machine Learning 

Technology Purpose Food assistance, Food security Non-food/nutrition related, agriculture: 

 Detection or prediction of pests, 
weather changes, crop shortages or 
yields 

 Food supply chain  
 Food recognition systems 
 Food safety detection systems 
 Food image detection 
 Customer satisfaction with restau-

rant or hotel food 
 Diet or obesity related 
 Food fraud  
 Forecasting food price 
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Table 3: Characteristics of reviewed articles (n = 28) 9 

 

Study ID 
Year Pub-

lished 

Food Inse-

curity 

Cause 

Policy 

Focus? 
Tool Purpose Type of Tool 

Type of Learn-

ing 

Algorithm(s) 

Used 

1 Barbosa65 2016 Poverty Yes 
Classifying households that 

are food insecure 
Classification Supervised Support Vector Machine 

2 Brock66 2015 
Not speci-

fied 
No 

Prediction of in-kind dona-

tions to food banks 
Prediction Supervised 

Multi-layer perceptron neu-

ral network 

3 Chappelka67 2018 

Ending 

hunger by 

2025 

Yes 

Classification of food security 

tweets, text mining on SNAP 

& policymaker opinions. 

Opinion mining 
Supervised & 

Unsupervised 

Natural language processing 

sentiment analysis 

4 Chrisinger68 2020 
Not speci-

fied 
Yes 

Assess how, why, and when 

media discusses SNAP and 

SNAP users 

Topic modelling; 

qualitative con-

tent analysis 

Unsupervised Structural topic modeling 

5 Gilman69 2020 
Not speci-

fied 
Yes Detection of SNAP fraud Classification Supervised Not specified 

6 Eskandari70 2019 
Not speci-

fied 
Yes 

Classification of food insecu-

rity trends 
Classification Not specified Not specified 

7 Eyre71 2021 
Not speci-

fied 
Yes 

Show future impact of inter-

ventions on food insecurity in 

the community 

Classification 

Supervised and 

expert network 

learning 

Bayesian belief network 

8 Fantazzini72 2014 
Not speci-

fied 
Yes 

Nowcasting and forecasting 

SNAP users 
Prediction Supervised 

Test 2000 algorithms, e.g., 

neural network 

9 
Feeding Amer-

ica73 
2020 

Not speci-

fied 
No 

Increase ability of food banks to 

reallocate food waste and large 

donations 

Classification Not specified Not specified 

10 Gadzalo74 2020 COVID-19 Yes 
Impact of disaster on con-

sumer buying trends 

Food trends dur-

ing disasters 
Not specified Google Trends 

11 Hamad75 2019 

Great Re-

cession; 

Poverty 

Yes Classification of SNAP users Classification Unsupervised 

(1) Lasso regression; (2) Ordi-

nary least squares followed 

by regression 

12 Lentz76 2019 Poverty Yes Predict food insecurity 
Prediction; Clus-

tering 
Supervised 

Linear and Non-Linear Re-

gression 
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13 Lukyamuzi77 2018 
Not speci-

fied 
Yes Classify patterns from tweets Classification Supervised 

K Nearest Neighbors, Naïve 

Bayes, Support Vector Ma-

chine, Neural Network, Deci-

sion Trees 

14 Madichetty78 2020 

Natural 

disaster 

(hurricane) 

No 

Automatic detection of Need 

and Available Resource 

Tweets 

Classification Supervised 
Stacked convoluted neural 

network 

15 Mills79 2015 
Not speci-

fied 
Yes Detection of churn in SNAP Classification Supervised Not specified 

16 
New York City 

Government80 
2019 

Not speci-

fied 
Yes 

Classify applicants to SNAP as el-

igible or not 
Classification Not specified Not specified 

17 Nica-Avram81 2021 
Not speci-

fied 
Yes 

Predict food insecurity; Clas-

sify users of OLIO app who 

are food insecure 

Classification Supervised 

Random Forest, AdaBoost, 

Support Vector Machine, k 

Nearest Neighbors 

18 Nica-Avram82 2020 
Not speci-

fied 
Yes 

Classification of food insecure 

users of OLIO 
Classification Supervised 

Random Forest, Support 

Vector Machine, Gradient 

Boosted, k Nearest Neigh-

bors 

19 
Philadelphia 

Government83 
2018 

Not speci-

fied 
Yes 

Predict needs of new and exist-

ing SNAP users 
Prediction Not specified Not specified 

20 Pugh84 2018 
Not speci-

fied 
No 

Prediction of in-kind dona-

tions to food banks 
Prediction Supervised Support Vector Regression 

21 Razzaq85 2021 Multiple No 
Prediction of food insecurity; 

rural and agricultural villages 
Prediction Supervised 

Random Forest, Support 

Vector Machine, k Nearest 

Neighbors, Neural Network, 

Naïve Bayes, Logistic Re-

gression 

22 Shi86 2021 
Not speci-

fied 
No 

Improve volunteer recruit-

ment rate 
Recommender Supervised Neural Network 

23 
Turner-

McGrievy87 
2020 Hurricanes No Classification 

Text mining; 

Trends analysis 
NA Text mining 

24 Westerveld88 2021 
Poverty, 

Famine 
No Prediction of food insecurity Prediction Supervised 

Random Forest, Extreme 

Gradient Boosting, Xgboost 
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25 Widener89 2014 
Not speci-

fied 
Yes 

Classification of food security 

tweets 
Opinion Mining Supervised Sentiment Analysis 

26 World Bank90 2018 Lack of food  

Prediction and early warning sys-

tem of food insecurity events & 

potentially impacted regions 

Prediction Not specified Not specified 

27 
World Food 

Programme91 
2019 

Not speci-

fied 
No 

Classification of food insecure 

households 

Classification; Im-

age Recognition 
Supervised 

Digital Engine for Emergency 

Photo-analysis 

28 
World Food 

Programme92 
2018 

Not speci-

fied 
Yes 

Prediction of food insecure re-

gions where monitoring data is 

lacking via HungerMap LIVE 

Prediction Supervised XgBoost 

10 
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Table 4: Topic, top ten words per topic, and representative text 11 

 12 

CATEGORY TOPIC TERMS REPRESENTATIVE TEXT 

IMPROVING 

SNAP 

1 
Detecting SNAP application 

fraud 

churn, client, benefit, state, cost, 

government, recertification, pro-

gram, agency, fraud 

“President Donald Trump recently suggested there is “tremendous fraud” in 

government welfare programs… For instance, the food stamp program, for-

mally called the Supplemental Nutrition Assistance Program, currently serves 

about 40 million people monthly at an annual cost of US$68 billion. Despite 

regular denigration of food stamp recipients, less than 1% of benefits go to 

ineligible households, according to the federal government.” (Daley, 2018) 

2 
Characterizing new and ex-

isting SNAP users 

snap, household, new, recipient, 

topic, program, exist, insecurity, 

include, level 

“We sought to identify new and existing SNAP recipients, and to examine dif-

ferences in sociodemographic characteristics, health, nutritional status, and 

food purchasing behavior between new and existing recipients of SNAP after 

the recession.” (Hamad, 2019) 

DETECTING 

NEEDS AND  

AVAILABLE RE-

SOURCES 

3 
Predicting donations to 

food banks 

amount, supermarket, receive, 

bank, warehouse, layer, event, 

method, approximation, regional 

With network members and external partners, we tested a collaborative 

sourcing prototype that uses machine-learning algorithms that enable food 

banks to more effectively reallocate large-scale donations of perishable food 

such as fresh produce. We also co-developed tools to help improve particu-

larly challenging food rescue situations such as identifying a nearby recipient 

for a grocery store donation. By marrying the algorithms with food sourcing 

and logistics processes, we hope to accelerate the evolution of supply chain 

systems.” (Feeding America, 2020)  

6 

Changes in food supply and 

demand (e.g., of staples 

like flour) during the pan-

demic 

demand, change, country, prod-

uct, increase, structure, con-

sumer, value, pandemic, flour 

“Under the conditions mentioned above, it is very important for the modern 

food market operators to correctly assess consumer demand, which can help 

governments solve food problems; food producers, on the other hand, ought 

to ensure a rational ratio of production and consumer demand, effectively 

manage their stocks and product range, develop production programs and ap-

ply effective methods of product promotion.” (Gadzalo, 2020) 

7 

Forecasting food rescue 

needs and resources (e.g., 

volunteers) 

system, rescue, value, volunteer, 

network, donation, forecast, give, 

problem, expert 

“Since they rely on external volunteers to pick up and deliver the food, some 

Food Rescues use web-based mobile applications to reach the right set of vol-

unteers. In this paper, we propose the first machine learning based model to 

improve volunteer engagement in the food waste and security domain. We 

(1) develop a recommender system to send push notifications to the most 

likely volunteers for each given rescue, (2) leverage a mathematical program-

ming based approach to diversify our recommendations, and (3) propose an 

online algorithm to dynamically select the volunteers to notify 
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without the knowledge of future rescues.” (Shi, 2021) 

 8 
Predicting household food 

insecurity 

security, household, level, meas-

ure, class, crisis, insecurity, coun-

try, access, prediction 

“Here we use a methodology that allows us to consider causal interactions 

between the multiple, interacting variables involved in food security, applied 

to data from a low resource, rural South African community. In particular, we 

construct belief networks between variables using Bayesian reasoning and 

consider how these compare with the community’s own beliefs about deter-

minants of food security. Such belief networks can be interpreted, with policy 

implications drawn out, by nonspecialists, and as such we believe that the 

methodology could usefully be applied more frequently in food security re-

search.” (Eyre, 2021) 

CHARACTERIZ-

ING CURRENT 

FOOD SECURITY 

ISSUES & OPIN-

IONS 

4 
World Food Programme in-

itiatives 

security, blockchain, level, meas-

ure, household, insecurity, drone, 

grateful_l, coordinator, relent-

lessly 

“The unmanned aerial vehicle (UAV) project seeks to enhance the ability of 

WFP and partners to prepare for, and respond to, emergencies in multiple 

ways – rapid damage analysis, topographical data collection and interpreta-

tion through machine learning and Artificial Intelligence, high-resolution im-

agery for the mapping of vulnerabilities, and connectivity in disasters. Sepa-

rately, a blockchain pilot in refugee camps in Jordan is making WFP’s cash 

transfers to 100,000 vulnerable Syrians more efficient and transparent. Pi-

loted in collaboration with other agencies, the ‘Building Blocks’ project is de-

livering more for less, offering donors better value for money.” (WFP, 2019)   

5 
Sentiment [classification] 

analysis of tweets 

tweet, classifier, sentiment, word, 

feature, trend, propose, dataset, 

negative, positive 

“This project explores public opinion on the Supplemental Nutrition Assis-

tance Program (SNAP) in news and social media outlets, and tracks elected 

representatives’ voting records on issues relating to SNAP and food insecurity. 

We used machine learning, sentiment analysis, and text mining to analyze na-

tional and state level coverage of SNAP in order to gauge perceptions of the 

program over time across these outlets.” (Chappelka, 2018) 

9 
Hurricane preparedness 

and response on Twitter 

mention, hurricane, twitter, 

healthy, tweet, category, list, day, 

group, examine 

“Little is known about what foods/beverages (F&B) are common during natu-

ral disasters. The goal of this study was to track high-frequency F&B mentions 

during four hurricanes affecting the coast of South Carolina for quantifying 

dietary patterns in Twitter.” (Turner-McGrievy, 2020) 

13 
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Table 5: Machine learning tools for food assistance research summary  

Tool Categories Description of Tool Category 
# of Ar-

ticles 
Food Insecurity 

Causes 
Intended Users and/or 

Beneficiaries 
Top Algorithms Challenges (Top 3) 

Predict Food Inse-
curity 

Includes nowcasting (predic-
tion of the present, the very 
near future, and the very re-
cent past) and forecasting at 
the individual, household, 
regional and global levels 

6 

Lack of food (1), Pov-
erty (2), Not speci-
fied (2), Climate 
Change (1) 

Humanitarian relief 
workers & agencies, 
policymakers, re-
searchers, food do-
nors, food recipients 

Random Forest, Re-
gression, XgBoost 

(1) Data issues: Lack of data; coun-
tries collecting different types 
of metrics 

(2) Algorithm & feature selection: 
complex variables & confound-
ers 

(3) Lack of political will to predict 
food security issues 

Classify Needs and 
Available Re-
sources 

Improving detection of re-
sources and needs in and 
out of disaster settings.  

7 
COVID-19 (1), Hurri-
canes (3), Not speci-
fied (4) 

Food banks, donors, 
grocery stores, policy-
makers, producers, 
humanitarian relief 
workers, food recipi-
ents, volunteers 

Neural Network, Sup-
port Vector Regres-
sion 

(1) Some countries’ do not fre-
quently use social media 

(2) Internet may be unavailable 
during disasters 

(3) Requires adequate data collec-
tion from multiple sources to 
return accurate results 

Characterizing & 
Improving SNAP 

Includes application pre-
screening, churn, fraud, 
characterizing needs of us-
ers 

9 

Ending hunger by 
2025 (1), Not speci-
fied (6), Poverty (1), 
Great Recession (1) 

food banks, stakehold-
ers, policymakers, 
SNAP program offic-
ers, SNAP users 

Natural language pro-
cessing sentiment 
analysis, topic model-
ing, neural network 

(1) Poor accuracy of algorithms 
(2) Fear of government using ma-

chine learning to discriminate 
against SNAP users 

(3) Lack of complete and/or accu-
rate data 

Situational Aware-
ness of Current 
Food Security Is-
sues 

Classifying and nowcasting 
current food security needs 
for both disaster and non-
disaster settings 

6 
Not specified (5), 
Poverty (1) 

Policymakers, re-
searchers, stakehold-
ers, food recipients, 
OLIO users 

Support Vector Ma-
chine, Bayesian belief 
network, K nearest 
neighbors, sentiment 
analysis 

(1) Data issues: country-level moni-
toring is poor & varied 

(2) Model accuracy is dependent 
on expert understanding & se-
lection of variables 

(3) Lack of use in disaster settings 
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