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Abstract

Background: Household food insecurity (HFI) adversely affects child development by
restricting caloric intake, dietary diversity, and food quality. Since diet is a key factor
influencing the gut microbiome, HFI may negatively impact health by altering microbial
communities. However, direct evidence linking HFI to changes in the gut microbiome is
limited. Therefore, we investigated the effects of HFI as a composite variable and used
individual HFI assessment questions as specific proxies for dietary deprivation on the gut
microbiome in a group of Ethiopian schoolchildren. Methods: Fecal samples were collected
from 57 school-aged children in Ethiopia, and microbial profiles were established using 16S
rRNA amplicon paired-end sequencing. Food insecurity was assessed using the Household
Food Insecurity Access Scale (HFIAS). Results: We observed no significant differences in
alpha diversity across food security status (Wilcoxon p > 0.05). However, beta diversity
analysis revealed a significant shift in microbiome composition between food-secure and
food-insecure individuals (Bray–Curtis dissimilarity; PERMANOVA, p < 0.05). Further
analyses of individual HFIAS questions as specific proxies for dietary deprivation showed
that limited dietary variety, consumption of disliked foods, and reduced meal size were
each associated with significant changes in microbial compositions (PERMANOVA; all
q < 0.05). Differential abundance analyses consistently identified Sutterella as significantly
more abundant among food-insecure participants (composite model q = 0.11; component-
specific models q < 0.05). Additionally, a microbial feature-based machine learning model
accurately predicted food security status (AUC = 0.81), with Sutterella emerging as the top
predictive feature. Conclusions: Our findings suggest that food insecurity metrics are
associated with alterations in gut microbial composition. The consistent enrichment of
Sutterella in food-insecure children in this study suggests the need for future mechanistic
studies to explore its role in mediating the effects of food insecurity.
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Nutrients 2026, 18, 680 https://doi.org/10.3390/nu18040680

https://crossmark.crossref.org/dialog?doi=10.3390/nu18040680&domain=pdf&date_stamp=2026-02-26
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/nutrients
https://www.mdpi.com
https://orcid.org/0009-0009-0565-3004
https://doi.org/10.3390/nu18040680


Nutrients 2026, 18, 680 2 of 16

1. Introduction
Food insecurity (FI) is defined as limited or uncertain access to nutritionally adequate

and safe foods or limited ability to acquire acceptable foods through socially accepted
means [1]. According to the United Nations (UN) State of Food Security and Nutrition in
the World (SOFI), approximately 2.3 billion people, nearly 30% of the global population,
faced food insecurity in 2021 [2]. Nowhere is this crisis more severe than in Africa, where
61% of the population faces moderate or severe food insecurity, attributed to climate shocks,
conflict, and economic slowdowns [3]. Researchers who studied the consequences of food
insecurity reported a wide array of adverse health outcomes, including obesity [4,5], type
2 diabetes [6–8], cardiovascular disease [9,10], poor mental health outcomes [11,12], and
undernutrition [13,14]. Despite these well-documented associations, the impact of food
insecurity on the gut microbiome remains unexplored. The gut microbiome is integral to
metabolic functions, including digestion, energy harvest, and vitamin synthesis [15–18],
and its composition is susceptible to dietary changes [19,20]. While extensive research
has explored the effects of specific diets, such as the beneficial role of the Mediterranean
diet [21,22] or the detrimental impact of highly processed foods [23,24], the influence of
broader socioeconomic determinants of diet, as measured by the food insecurity scale,
remains less clear. Furthermore, existing microbiome studies on nutrient deprivation
have primarily focused on clinical malnutrition [25,26] or controlled caloric restriction [27],
overlooking the complex psychosocial and economic realities of household food insecurity.

Household food insecurity is a complex, multidimensional problem that extends
beyond poor diet quality, including psychological anxiety about food, insufficient quantity,
and socially driven reductions in food intake [27]. This complexity suggests that its impact
on the gut microbiome may be through pathways distinct from nutrition alone. To date, only
a few studies have looked at the impact of food insecurity on the gut microbiome. Mohr
et al. [28] investigated the relationship between food security status and the gut microbiome
among United States (US) college students, showing that food-insecure students had
higher microbial diversity and greater abundance of Enterobacteriaceae and Eisenbergiella
than food-secure counterparts. A similar increase in abundance of Eisenbergiella and/or
Eubacterium among food-insecure individuals was reported by Eggers et al. [29], using
the adult population from Wisconsin, USA. However, another study using infants aged
2 to 6 months found a lower abundance of Veillonella spp. in infants born to food-insecure
mothers than in those born to food-secure mothers [30]. While these studies indicate
that food insecurity can be associated with an altered gut microbiome, their findings
are based solely on populations in high-income settings. The context of food insecurity
in a resource-rich environment, often characterized by the consumption of inexpensive,
energy-dense but nutrient-poor foods [31], is fundamentally different from that in low-
income countries, where food insecurity is more directly linked to chronic undernutrition,
micronutrient deficiencies, and a lack of dietary diversity [32–34]. It is therefore unclear
whether the microbial signatures of food insecurity identified in U.S. populations, such
as increased Eisenbergiella, are applicable to contexts like Ethiopia, where the stress of
food scarcity is compounded by its more severe nutritional consequences. We therefore
leverage our data from Ethiopian school children to (1) examine the differences in gut
microbiome composition between food-secure and food-insecure children, (2) investigate
how specific domains of food insecurity measurement impact the gut microbiome, and (3)
apply machine learning on gut microbiome data to predict food security status and identify
potential microbial biomarkers.
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2. Methods
2.1. Study Design

This cross-sectional study was conducted in Hawela Tula, Hawassa, Sidama Regional
State, Ethiopia. Participants were recruited from primary school children attending full-
cycle primary schools in the Hawassa city administration during the 2023 academic year.
Eligible children aged 5–18 years were randomly selected. The eligibility criteria included
no terminal illness, no other diseases, and had not received anti-helminthic treatment or
iron supplementation in the past three months. Further requirements included residence
in the area for at least six months and availability during the study period. Children with
guardians who were seriously ill and unable to provide informed consent were excluded.

2.2. Food Security Status

Food security status was assessed through the Household Food Insecurity Access Scale
(HFIAS) [35]. Study participants were asked to recall the past 30 days and were interviewed
based on the nine standard HFIAS questions. The questions were the following:

(1) Did you worry that your household would not have enough food? (2) Were you or
any household member not able to eat the kinds of foods you preferred because of a lack of
resources? (3) Did you or any household member have to eat a limited variety of foods due
to a lack of resources? (4) Did you or any household member have to eat some disliked
foods because of a lack of resources? (5) Did you or any household member have to eat a
smaller meal because there was not enough food? (6) Did you or any household member
have to eat fewer meals in a day because there was not enough food? (7) Was there ever
no food to eat of any kind in your household because of lack of resources? (8) Did you or
any household member go to sleep at night hungry because there was not enough food?
(9) Did you or any household member go a whole day and night without eating anything
because there was not enough food?

Based on the responses “never”, “rarely” (once or twice in the past 4 weeks), “some-
times” (3 to 10 times in the past 4 weeks), and “often” (more than 10 times in the past
4 weeks), a score from 0 to 3 was assigned, respectively. The scores for each question were
summed to calculate a total score for each participant. A total score of 0–1 was classified as
food-secure, while a score of 2–27 was classified as food-insecure.

2.3. Sample Collection and DNA Extraction

A detailed specimen collection procedure was described previously [36]. Briefly, fecal
samples were collected in leak-proof plastic containers and divided into two portions. The
first portion was used for a parasitological examination and was processed immediately
for microscopic analysis of helminths using direct wet mounts and the Kato–Katz tech-
nique at Hawassa University College of Medicine and Health Sciences, School of Medical
Laboratory Science Microbiology Laboratory. The second portion was collected and stored
in Norgen Stool Nucleic Acid Collection and Preservation Tubes (Norgen Biotek Corp,
Thorold, ON, Canada). This portion was transported to Colgate University in the USA
and stored at −80 ◦C. DNA extraction was performed using the DNeasy PowerSoil Pro
kit (Qiagen, Hilden, Germany) according to the manufacturer’s instructions, utilizing up
to 250 mg of fecal material per extraction. After extraction, aliquoted DNA samples were
shipped to the MR DNA molecular laboratory in Shallowater, TX, USA, for sequencing on
the Illumina MiSeq platform, following standard Illumina protocols. The raw sequence
data were provided in FASTQ file format and were demultiplexed using FASTQ Splitter
64-bit v19.07.10.
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2.4. Raw Sequence Processing

Raw 16S rRNA gene sequences were processed using the Nephele platform (https:
//nephele.niaid.nih.gov) [37]. Briefly, primer sequences were trimmed, and reads were
quality-filtered using Trimmomatic. Subsequently, sequences were denoised, merged, and
checked for chimeras using DADA2 to generate a table of amplicon sequence variants
(ASVs), which were then taxonomically classified against the SILVA database. Following
this, a phylogenetic tree was constructed, and all downstream statistical analyses and
visualizations were performed in R using the phyloseq data object (v1.46.0) [38].

2.5. Statistical Data Analysis

All analyses were performed in R (v4.5.1). First, alpha diversity was calculated to
assess microbial diversity among samples. Chao1 [39] and Shannon [40] indices were
calculated via the estimate_richness() function from the phyloseq package (v1.52.0) [38].
Statistical differences across groups were calculated using the Wilcoxon test. Boxplots were
rendered with ggplot2 (v3.5.2) [41]. Following this, beta diversity (between-sample diver-
sity) was measured using the Bray–Curtis dissimilarity index [42]. These distances were
calculated using the phyloseq::distance() function. Principal coordinate analysis (PCoA)
was then performed and visualized with a dotted ellipse representing a 95% confidence
interval through MicrobiotaProcess (v1.1.13) [43]. Permutational multivariate analysis
of variance (PERMANOVA) was conducted to test for statistically significant differences
between groups via the adonis2() function from the vegan package (v2.7.1) [44] with de-
fault settings. Genus-level microbial differences were visualized using ggplot2. Relative
abundance levels were calculated at the genus level, and the top 15 most abundant gen-
era were shown. Linear discriminant analysis effect size (LEfSe) was performed through
run_lefse() via microbiomeMarker (v1.13.2) [44]. Genus-level features were removed, and
default parameters of 0.01 and 3 were used for the Wilcoxon cutoff and LDA score, respec-
tively. Features were annotated based on their taxonomic level. Differential abundance
analysis at the genus-level was performed through Maaslin2 (v1.22.0) [45]. Relative abun-
dances were normalized using total sum scaling (TSS), and the multivariate model was
adjusted for age and sex. The model was further adjusted for multiple testing through the
Benjamini–Hochberg procedure [46]. Volcano plots were generated to visualize effect sizes
and significance, with q < 0.2 as the cutoff. Genus-level boxplots were created to visualize
relative abundance differences for significantly associated genera.

2.6. Machine Learning

To assess whether gut microbiome profiles could predict household food security
status, we implemented a machine learning model using an XGBoost classifier [47] and
10-fold cross-validation. Genus- and family-level abundances were aggregated, and fea-
tures present in less than 5% of samples were filtered. Abundance counts were transformed
with centered log-ratio, and features with near-zero variance across samples were removed.
The 10-fold cross-validated XGBoost model was trained using caret (v7.0.1) [48]. Model
hyperparameters were tuned using grid search, and the final model was selected based on
the highest cross-validated classification accuracy.

To assess the model’s discriminative ability between food-secure and food-insecure
groups, receiver operating characteristic (ROC) analysis was conducted using predicted
probabilities for the positive class (food-secure) by the XGBoost model. The ROC curve
and area under the curve were computed through pROC (v1.18.5) [49] and visualized with
ggplot2. To identify the most informative features, the top 10 most important features
were extracted from the trained model and visualized as a horizontal bar plot. Features
were annotated based on their taxonomic level. To visualize abundance patterns across
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study participants, a heatmap of the top 10 most important features was created using
CLR-transformed abundance data via pheatmap (v1.0.13) [50]. Samples were annotated
and grouped by food security status, and each feature (row) was scaled by z-score.

2.7. Data and Code Availability

The full pipeline for data analysis and machine learning described in “Methods”
is available at the GitHub repository: https://github.com/azh-a/HFI_gutMicrobiome
(accessed on 16 February 2026).

2.8. Ethics

Ethical clearance was obtained from the Institutional Research Ethics Review Com-
mittee of the Aklilu Lemma Institute of Health Research, Addis Ababa University (Ref.no:
ALIPBIRERC/91/2015/22). Permission was also secured from the Health and Education
Department of the sub-city for each selected school. We obtained written or fingerprint
consent from parents or legal guardians after informing them of the study procedures
and aims. Assent was also obtained from the children. Confidential numerical identifiers
were assigned to each child to ensure participant privacy, and all participant information
remains password-protected in electronic files. Children were also informed of their ability
to withdraw from this study at any time without jeopardizing their right to receive services
at the school.

3. Results
3.1. Study Population Characteristics

Table 1 presents the characteristics and demographic information of our study cohort
stratified by food security status. In our study of 57 Ethiopian children, 63% of participants
were female, and the majority (93%) resided in rural residences. The mean age of the
children was 10.8 years (SD 2.2 years), ranging from 7 to 16 years. The average body
mass index (BMI) was underweight, at 17.1. In total, 56% of participants were identified
as food-secure through the Household Food Insecurity Access Scale (HFIAS) question-
naire. No associations between various sociodemographic factors and food security status
were detected.

Table 1. Sociodemographic characteristics of food-secure and food-insecure subjects.

Variable Food-Secure N = 32 1 Food-Insecure N = 25 1 p-Value 2

Age (years) mean ± (SD) 10.78 ± 2.41 10.80 ± 1.85 0.9

Weight (kg) 32 ± 9 33 ± 9 0.4

Height (cm) 135 ± 15 139 ± 13 0.3

Sex 0.3

Male 10 (31%) 11 (44%)

Female 22 (69%) 14 (56%)

Residence 0.6

Urban 3 (9.4%) 1 (4.0%)

Rural 29 (91%) 24 (96%)
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Table 1. Cont.

Variable Food-Secure N = 32 1 Food-Insecure N = 25 1 p-Value 2

Father’s Occupation >0.9

Farmer 10 (31%) 9 (36%)

Private business 12 (38%) 8 (32%)

Daily laborer 3 (9.4%) 2 (8.0%)

Gov’t employee 7 (22%) 5 (20%)

Other 0 (0%) 1 (4.0%)

Wealth Index >0.9

Wealthy 4 (13%) 2 (8.0%)

Medium 5 (16%) 4 (16%)

Poor 23 (72%) 19 (76%)

Family Size 0.4

≤5 24 (75%) 21 (84%)

>5 8 (25%) 4 (16%)

Delivery Mode 0.10

Vaginal delivery 31 (97%) 20 (80%)

C-section 1 (3.1%) 4 (16%)

Other 0 (0%) 1 (4.0%)

Feeding Type 0.6

Formula milk 1 (3.1%) 2 (8.0%)

Breast milk 31 (97%) 23 (92%)

STH Infection >0.9

No 15 (47%) 12 (48%)

Yes 17 (53%) 13 (52%)
1 Mean ± SD; n (%). 2 Wilcoxon rank sum test; Pearson’s chi-squared test; Fisher’s exact test.

3.2. Gut Microbiome Composition Is Impacted by Food Security Status

To explore how food security status influences gut microbiome composition, we first
investigated alpha and beta diversity. Alpha diversity indices measuring species richness
and evenness among samples (Chao1 and Shannon) were not significantly different by food
security status (Wilcoxon p > 0.05; Figure 1A). However, beta diversity metrics representing
the dissimilarity between the abundance and presence of taxa between samples showed
moderate significance between the two study groups (Bray–Curtis, PERMANOVA, p < 0.05).
Principal coordinate analysis (PCoA) revealed clear compositional differences between
food-secure and food-insecure individuals (Figure 1B). To characterize specific microbial
differences further, we compared the relative abundances of key taxa between the two study
groups. While patterns remain similar, the relative abundance of Prevotella 9 appeared
to be greater in the food-insecure group compared to the food-secure group (Figure 1C).
Linear discriminant analysis effect size (LEfSe) identified five taxa significantly enriched in
the food-secure group and eight taxa enriched in the food-insecure group (Wilcoxon p <
0.01 and LDA score > 3; Figure 1D). Notably, the family Christensenellaceae was enriched in
the food-secure group, while the genus Sutterella was enriched in the food-insecure group
(Figure 1D). Differential abundance analysis at the genus level showed a trend toward
enrichment of Sutterella in the food-insecure group (q = 0.11) after adjusting for multiple
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testing, age, and sex (Figure 1E). Relative abundance plots of Sutterella across food security
status confirmed higher Sutterella abundance in food-insecure individuals (Figure 1E).

 
Figure 1. Taxonomic analysis of the gut microbiome by food security status (food-secure: 32 (56%)
vs. food-insecure: 25 (44%)). (A) Alpha diversity boxplots showing Chao1 (left) and Shannon
(right) indices. Differences in the means of the alpha diversity metrics between the food-secure (red)
and food-insecure (blue) groups are not significant by the Wilcoxon test. (B) Beta diversity PCoA
plots showing Bray–Curtis (left) and Jaccard (right) metrics. Using PERMANOVA, the difference
between the beta diversity metric clustering of the two groups is significant (Bray–Curtis, p < 0.05).
(C) Relative abundance bar plot showing the top 15 most abundant genera comparing food-secure
and food-insecure groups. (D) Linear discriminant analysis effect size bar plot. Bars represent taxa
with significant group abundance differences (Wilcoxon p < 0.01; LDA score > 3). (E) Genus-level
differential abundance analysis using (after adjusting for age, sex, and multiple testing) a volcano
plot (left) and a relative abundance boxplot (right). The differential abundance of Sutterella suggested
enrichment in the food-insecure group; however, this did not reach statistical significance after
multiple-testing correction (q = 0.11).

3.3. Gut Microbiome Composition Is Impacted by Food Variety Consumption

Food security status is a composite variable constructed using the nine standard
questions indicated by the HFIAS questionnaire. To better understand which components
of food insecurity shape gut microbiome composition, we investigated each individual
question of the HFIAS questionnaire separately. We next highlight the questions most
linked to microbial variation.

The question “Did you or any household member have to eat a limited variety of foods due to a
lack of resources?” was particularly informative. Households that reported a limited variety
of foods due to resource constraints exhibited a distinct gut microbiome composition com-
pared to those that did not report such constraints. While no significant differences were
observed in alpha diversity (Figure 2A), beta diversity analysis revealed a significant sepa-
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ration between the groups (PERMANOVA, Bray–Curtis, and Jaccard: p < 0.02; Figure 2B).
To identify taxa driving this separation, we performed differential abundance analysis. We
found four taxa, including Prevotella 9 (Figure 2C), enriched in the group experiencing food
variety limitations and 13 taxa enriched in the control group (Wilcoxon p < 0.01 and LDA
score > 3; Figure 2D). Furthermore, differential abundance analysis using a conservative
model confirmed the significant enrichment of Sutterella (q < 0.05) in the “limited variety”
group while Enterorhabdus showed suggestive enrichment in the “no” response individuals,
though this association did not survive multiple-testing correction (q < 0.15; Figure 2E).

Figure 2. Taxonomic analysis of gut microbiome by question 3 of the HFIAS questionnaire: Did you
or any household member have to eat a limited variety of foods due to a lack of resources (yes: 18
(32%); no: 39 (68%))? (A) Alpha diversity boxplots showing Chao1 (left) and Shannon (right) indices.
Differences in the means of the alpha diversity metrics between yes (blue) and no (red) groups are not
significant by the Wilcoxon test. (B) Beta diversity PCoA plots showing Bray–Curtis (left) and Jaccard
(right) metrics. Using PERMANOVA, the difference between the beta diversity metric clustering
of the two groups is significant (Bray–Curtis p < 0.05 and Jaccard p < 0.05). (C) Relative abundance
bar plot showing the top 15 most abundant genera comparing yes and no groups. (D) Linear
discriminant analysis effect size bar plot. Bars represent taxa with significant group abundance
differences (Wilcoxon p < 0.01; LDA score > 3). (E) Genus-level differential abundance analysis (after
adjusting for age, sex, and multiple testing) volcano plot (left) and relative abundance boxplots (right).
The differential abundance of Sutterella was significant (q < 0.05), while that of Enterorhabdus showed
a trend toward differential abundance but did not reach statistical significance after multiple-testing
correction (q < 0.15).
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3.4. Gut Microbiome Composition Is Impacted by Disliked Food Consumption

We next investigated whether the consumption of disliked foods due to resource
constraints, another dimension of food insecurity, was associated with variations in the
gut microbiome. Similarly to the findings on food variety, no significant differences in
alpha diversity were observed between groups (Figure 3A). However, beta diversity analy-
sis revealed a significant separation of microbial community structures (PERMANOVA,
p < 0.05; Figure 3B). Linear discriminant analysis (LEfSe) identified six taxa enriched in
individuals who consumed disliked foods and five taxa enriched in the control group
(Figure 3D). Differential abundance analysis further substantiated these findings, identify-
ing three genera of interest (Figure 3C,E). Among these, Sutterella was significantly more
abundant in the group that consumed disliked food (q < 0.05). While not surviving strict
multiple-testing correction, Alloprevotella and Succinivibrio also demonstrated trends toward
higher abundance in this group (q < 0.2).

Figure 3. Taxonomic analysis of gut microbiome by question 4 of the HFIAS questionnaire: Did
you or any household member have to eat some disliked foods because of a lack of resources
(yes: 15 (26%); no: 42 (74%))? (A) Alpha diversity boxplots showing Chao1 (left) and Shannon
(right) indices. Differences in the means of the alpha diversity metrics between yes (blue) and
no (red) groups are not significant by the Wilcoxon test. (B) Beta diversity PCoA plots showing
Bray–Curtis (left) and Jaccard (right) metrics. Using PERMANOVA, the difference between the beta
diversity metric clustering of the two groups is significant (Bray–Curtis p < 0.05 and Jaccard p < 0.05).
(C) Relative abundance bar plot showing the top 15 most abundant genera comparing yes and no
groups. (D) Linear discriminant analysis effect size bar plot. Bars represent taxa with significant
group abundance differences (Wilcoxon p < 0.01; LDA score > 4). (E) Genus-level differential
abundance analysis (after adjusting for age, sex, and multiple testing) volcano plot (left) and relative
abundance boxplots (right). The differential abundance of Sutterella was statistically significant after
multiple-testing correction (q < 0.05). In contrast, Alloprevotella and Succinivibrio showed suggestive
differences between groups but did not reach the predefined threshold for statistical significance
(q < 0.20).
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3.5. Gut Microbiome Composition Is Impacted by a Smaller Meal Size

We also examined whether a reduced meal size due to inadequate food, another indica-
tor of food insecurity, is associated with a change in gut microbiome composition. While no
significant differences in alpha diversity were observed (Figure 4A), beta diversity analysis
revealed a distinct separation in microbial community structure between individuals who
reported eating a smaller meal and those who did not (q < 0.02; Figure 4B). LEfSe analysis
identified 24 differentially enriched taxa, with 11 associated with those who reported that
they ate a smaller meal size and 13 with those who did not (Figure 4D). Notably, differ-
ential abundance analysis confirmed a significant increase in the genus Sutterella among
individuals who reported eating a smaller meal (Figure 4E).

Figure 4. Taxonomic analysis of gut microbiome by question 5 of the HFIAS questionnaire: “Did you
or any household member have to eat a smaller meal because there was not enough food (yes: 18
(32%); no: 39 (68%))?” (A) Alpha diversity boxplots showing Chao1 (left) and Shannon (right) indices.
Differences in the means of the alpha diversity metrics between yes (blue) and no (red) groups are not
significant by the Wilcoxon test. (B) Beta diversity PCoA plots showing Bray–Curtis (left) and Jaccard
(right) metrics. Using PERMANOVA, the difference between the beta diversity metric clustering
of the two groups is significant (Bray–Curtis p < 0.05 and Jaccard p < 0.05). (C) Relative abundance
bar plot showing the top 15 most abundant genera comparing yes and no groups. (D) Linear
discriminant analysis effect size bar plot. Bars represent taxa with significant group abundance
differences (Wilcoxon p < 0.01; LDA score > 3). (E) Genus-level differential abundance analysis (after
adjusting for age, sex, and multiple testing) volcano plot (left) and relative abundance boxplot (right).
The differential abundance of Sutterella was found to be significant (q < 0.05) between the “yes” and
“no” groups.
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3.6. Gut Microbiome Composition and Other Proxy Food Security Variables

We examined the association between additional proxy food security variables from
the Household Food Insecurity Access Scale (HFIAS), but these showed no significant
associations with microbiome composition. These results are provided in Supplementary
Figures S1–S6.

3.7. Machine Learning Model Accurately Classifies Food Security Status

To evaluate whether gut microbiome composition could predict food security status,
we trained a machine learning model using genus- and family-level microbial features. We
applied centered log-ratio (CLR) transformation on abundance data and performed 10-fold
cross-validation on an XGBoost classifier, which achieved an area under the ROC curve
(AUC) of 0.81 (Figure 5A). This indicates gut microbiome composition discriminated food-
secure and -insecure individuals accurately. The top 10 most important features identified
by the model included genera such as Sutterella and Veillonella as well as the families
Sutterellaceae and Monoglobaceae (Figure 5B). Sutterella emerged as the most predictive
taxa (Figure 5B). A heatmap of the top 10 important taxa between groups is visualized in
Figure 5C.

Figure 5. Predictive modeling of food security status using family- and genus-level gut microbiome
composition. (A) ROC curve displaying the accuracy of a 10-fold cross-validated XGBoost classifier
on the study population (n = 57). The model achieved a balanced accuracy of 84% and an AUC of
0.81. (B) Top 10 most important features bar plot based on the final XGBoost model. (C) Heatmap
displaying the CLR transform of the top 10 most important features for each participant by food
security status.

4. Discussion
In this study, we demonstrated that household food insecurity is associated with a

distinct and predictable gut microbiome signature. We found that while alpha diversity
did not differ by food security status, beta diversity revealed significant compositional
differences in the gut microbiome. We also extended our analysis by examining individual
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HFIAS questions as specific proxies for dietary deprivation, which revealed significant
compositional differences among study subjects who reported consuming a limited variety
of foods, disliked foods, and reduced meal size. Notably, differential abundance analyses
consistently identified Sutterella as significantly more abundant among food-insecure partic-
ipants. Furthermore, a machine learning model based on genus- and family-level microbial
abundance features accurately classified food security status, achieving a balanced accuracy
of 84% (AUC = 0.81).

Studies examining the potential association between food insecurity and gut micro-
biome remain limited and have reported conflicting findings, particularly regarding alpha
diversity. While our study and another study in Puerto Rico [30] found no significant
association, Mohr et al. [28] reported a significant increase in alpha diversity among food-
insecure individuals in U.S. college students. This discrepancy is likely attributable to
fundamental differences in study populations and the complex nature of food insecurity
itself. Our study enrolled Ethiopian schoolchildren from a similar geographical and cultural
setting, where food insecurity is commonly associated with undernutrition [51] and a lack
of dietary diversity [52]. In contrast, food insecurity in high-income countries like the
USA is often linked to the consumption of energy-dense, nutrient-poor foods [31] and
coexists with obesity [4], which may differentially alter the gut microbiome and explain the
divergent alpha diversity results. Despite this, our finding of a significant difference in beta
diversity by food security status is consistent with that of Mohr et al. [28], suggesting that
food insecurity alters microbiome composition, even though its effect on alpha diversity is
context-dependent.

In this study, we examined individual HFIAS questions as specific proxies for dietary
deprivation in addition to the composite variable food-secure vs food-insecure. We found
significant differences in gut microbiome composition, as measured by beta diversity met-
rics, among study subjects who reported consuming a limited variety of foods, disliked
foods, and reduced meal size. To the best of our knowledge, this is the first study to
explicitly examine how individual dimensions of food insecurity influence gut microbiome
diversity and composition. However, a murine study reported substantial differences
in beta diversity but not alpha diversity in pregnant dams and offspring following ma-
ternal calorie restriction [53]. These findings, in conjunction with our own observations,
suggest that dietary variety, composition, and quality predominantly influence alpha diver-
sity, whereas broader shifts in beta diversity may reflect underlying biological processes
associated with malnutrition from food insecurity.

In this study, we observed a significantly higher relative abundance of the genus
Sutterella among food-insecure individuals compared to food-secure individuals. Addition-
ally, Sutterella emerged as the most predictive microbial feature in our machine learning
model predicting food security status, and its association with food insecurity is novel. Sut-
terella is a bile-resistant, microaerophilic Gram-negative bacterium that can influence host
health through complex immunomodulatory mechanisms, including effects on intestinal
inflammation, gut barrier integrity, and the gut–brain axis [54]. Although the exact role of
Sutterella remains unknown, previous studies have linked elevated levels of Sutterella to
pro-inflammatory activity [55], involvement in the pathophysiology of neurological and
psychological conditions [56], and intestinal infections in humans [57]. Given these diverse
health associations, the observed enrichment of Sutterella in food-insecure children may
reflect the direct impact of dietary patterns commonly associated with food insecurity, such
as low fiber intake [58], which can modify the gut environment [59]. Alternatively, elevated
Sutterella levels may serve as an indirect marker of underlying health conditions in these
children, including physiological stress, systemic inflammation [54], or comorbid infections
linked to food insecurity, all of which may influence gut microbiome composition. Our
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cross-sectional design is unable to distinguish the exact role of the higher abundance of
Sutterella among food-insecure children. A more controlled, mechanistic, and longitudinal
study is needed to elucidate the role of Sutterella abundance in food-insecure children and
assess potential biomarkers.

Our findings should be interpreted with several limitations in mind. First, household
food insecurity was assessed using a standardized nine-item experience-based instrument.
However, no single universally accepted approach exists for measuring food insecurity.
Many organizations have developed various assessment tools [1,35,60], and studies have
used different scoring systems and classification thresholds [28,61], which may influence
the categorization of food insecurity status and complicate direct comparisons across
populations and settings. Differences in instruments and cutoff definitions may therefore
affect cross-study interpretation, particularly across diverse geographic and socioeconomic
contexts. Second, the food security assessment was based on self-reported data; this
may introduce misclassification and recall bias. Although dietary frequency data were
collected, these variables were not incorporated into the current microbiome analyses. In
addition, detailed quantitative dietary intake measures (e.g., fiber intake or macronutrient
composition) were not available. Consequently, we were unable to directly distinguish the
relative contributions of dietary quality versus food quantity to the observed differences in
the gut microbiome.

Third, while our analysis identifies associations between food insecurity and the gut
microbiome, the cross-sectional design limits our ability to draw causal inferences. Further-
more, our study population is not representative of all demographic groups, limiting the
generalizability of our findings to populations with different demographics, environmental
factors, and dietary behaviors. Future adequately powered, larger independent cohort
studies will be necessary to confirm and extend these findings. Although the XGBoost
classifier demonstrated good performance (balanced accuracy = 84%; AUC = 0.81), the
modest sample size (n = 57) and lack of external validation warrant cautious interpretation,
and the model should be considered proof-of-concept.

5. Conclusions
In summary, our study demonstrates that household food insecurity among Ethiopian

schoolchildren is associated with a distinct and identifiable gut microbiome signature.
We observed significant differences in microbial composition among participants who
reported a limited variety of foods, disliked certain foods, and ate smaller meal portions,
compared with their food-secure counterparts. Notably, the consistent enrichment of the
genus Sutterella across analyses highlights a reproducible microbial feature associated with
food insecurity in the study population. Future longitudinal and mechanistic studies will be
essential to determine the functional implications of these microbial alterations and to clarify
their potential role in mediating the health consequences of food insecurity. By identifying
microbiome-associated signatures of food insecurity, our findings provide a foundation
for future research exploring whether nutritional or microbiome-informed strategies could
mitigate the long-term health effects of food insecurity in vulnerable populations.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/nu18040680/s1, Figure S1–S7.

Author Contributions: B.T. conceived and designed the study, interpreted the data, and wrote
the manuscript. A.Z. conducted the data analysis, drafted the Results Section, and participated
in manuscript writing. F.B.G. and M.M.A. contributed to the study design, conducted field data
collection, assisted in data interpretation, and critically revised the manuscript. B.E. and H.A. oversaw

https://doi.org/10.3390/nu18040680

https://www.mdpi.com/article/10.3390/nu18040680/s1
https://www.mdpi.com/article/10.3390/nu18040680/s1
https://doi.org/10.3390/nu18040680


Nutrients 2026, 18, 680 14 of 16

field data collection and parasitological work and provided critical revisions to the manuscript. All
authors have read and agreed to the published version of the manuscript.

Funding: Funding for this study was provided by the Colgate University Picker Interdisciplinary
Science Institute (to B.T.) and by a Colgate University Summer Undergraduate Research grant (to
A.Z.). FBG received funding from the Hawassa University NORAD scheme to cover part of the
fieldwork expenses. The content is solely the responsibility of the authors and does not necessarily
represent the official views of Colgate University.

Institutional Review Board Statement: The study was conducted in accordance with the Decla-
ration of Helsinki, and approved by the Institutional Research Ethics Review Committee of the
Aklilu Lemma Institute of Health Research (Ref.no: ALIPBIRERC/91/2015/22 and date of approval:
2022/12/15).

Informed Consent Statement: Informed consent was obtained from all subjects involved in
the study.

Data Availability Statement: The processed data supporting the findings of this study, along with
the analysis scripts, are publicly available at the GitHub repository https://github.com/azh-a/HFI_
gutMicrobiome (accessed on 16 February 2026).

Conflicts of Interest: We declare that we do not have any conflicts of interest.

References
1. Bickel, G.; Nord, M.; Price, C.; Hamilton, W.; Cook, J. Guide to Measuring Household Food Security, Revised 2000; USDA: Washington,

DC, USA, 2000.
2. WFP; UNICEF. The State of Food Security and Nutrition in the World 2022; FAO: Rome, Italy, 2022.
3. FAO. Africa FII: Regional Overview of Food Security and Nutrition; FAO: Rome, Italy, 2020.
4. Carvajal-Aldaz, D.; Cucalon, G.; Ordonez, C. Food insecurity as a risk factor for obesity: A review. Front. Nutr. 2022, 9, 1012734.

[CrossRef]
5. Pan, L.; Sherry, B.; Njai, R.; Blanck, H.M. Food insecurity is associated with obesity among US adults in 12 states. J. Acad. Nutr.

Diet. 2012, 112, 1403–1409. [CrossRef]
6. Tait, C.A.; L’Abbé, M.R.; Smith, P.M.; Rosella, L.C. The association between food insecurity and incident type 2 diabetes in

Canada: A population-based cohort study. PLoS ONE 2018, 13, e0195962. [CrossRef]
7. Najibi, N.; Firoozi, R.; Shahrezaee, S.; Eshraghian, M.; Daneshi-Maskooni, M.; Dorosty-Motlagh, A. Food insecurity is an

important risk factor for type 2 diabetes: A case-control study of new referrals to the University clinics, Shiraz, Southern Iran.
BMC Public Health 2019, 19, 885. [CrossRef]

8. Seligman, H.K.; Bindman, A.B.; Vittinghoff, E.; Kanaya, A.M.; Kushel, M.B. Food insecurity is associated with diabetes mellitus:
Results from the National Health Examination and Nutrition Examination Survey (NHANES) 1999–2002. J. Gen. Intern. Med.
2007, 22, 1018–1023. [CrossRef]

9. Liu, Y.; Eicher-Miller, H.A. Food Insecurity and Cardiovascular Disease Risk. Curr. Atheroscler. Rep. 2021, 23, 24. [CrossRef]
10. Jia, J.; Carnethon, M.R.; Wong, M.; Lewis, C.E.; Schreiner, P.J.; Kandula, N.R. Food Insecurity and Incident Cardiovascular Disease

Among Black and White US Individuals, 2000–2020. JAMA Cardiol. 2025, 10, 456–462. [CrossRef]
11. Cisneros-Vásquez, E.; Smith, L.; Yañéz-Sepúlveda, R.; Olivares-Arancibia, J.; Gutiérrez-Espinoza, H.; Yon, D.K.; Shin, J.I.; López-

Gil, J.F. Beyond Hunger: Uncovering the Link between Food Insecurity and Depression, Anxiety, and Stress in Adolescents. Curr.
Dev. Nutr. 2025, 9, 107453. [CrossRef]

12. Pourmotabbed, A.; Moradi, S.; Babaei, A.; Ghavami, A.; Mohammadi, H.; Jalili, C.; Symonds, M.E.; Miraghajani, M. Food
insecurity and mental health: A systematic review and meta-analysis. Public Health Nutr. 2020, 23, 1778–1790. [CrossRef]

13. Hackett, M.; Melgar-Quiñonez, H.; Alvarez, M.C. Household food insecurity associated with stunting and underweight among
preschool children in Antioquia, Colombia. Rev. Panam. Salud Publica 2009, 25, 506–510. [CrossRef]

14. Moradi, S.; Mirzababaei, A.; Mohammadi, H.; Moosavian, S.P.; Arab, A.; Jannat, B.; Mirzaei, K. Food insecurity and the risk of
undernutrition complications among children and adolescents: A systematic review and meta-analysis. Nutrition 2019, 62, 52–60.
[CrossRef]

15. Flint, H.J.; Scott, K.P.; Louis, P.; Duncan, S.H. The role of the gut microbiota in nutrition and health. Nat. Rev. Gastroenterol. Hepatol.
2012, 9, 577–589. [CrossRef]

16. Gentile, C.L.; Weir, T.L. The gut microbiota at the intersection of diet and human health. Science 2018, 362, 776–780. [CrossRef]

https://doi.org/10.3390/nu18040680

https://github.com/azh-a/HFI_gutMicrobiome
https://github.com/azh-a/HFI_gutMicrobiome
https://doi.org/10.3389/fnut.2022.1012734
https://doi.org/10.1016/j.jand.2012.06.011
https://doi.org/10.1371/journal.pone.0195962
https://doi.org/10.1186/s12889-019-7236-9
https://doi.org/10.1007/s11606-007-0192-6
https://doi.org/10.1007/s11883-021-00923-6
https://doi.org/10.1001/jamacardio.2025.0109
https://doi.org/10.1016/j.cdnut.2025.107453
https://doi.org/10.1017/S136898001900435X
https://doi.org/10.1590/S1020-49892009000600006
https://doi.org/10.1016/j.nut.2018.11.029
https://doi.org/10.1038/nrgastro.2012.156
https://doi.org/10.1126/science.aau5812
https://doi.org/10.3390/nu18040680


Nutrients 2026, 18, 680 15 of 16

17. Krajmalnik-Brown, R.; Ilhan, Z.E.; Kang, D.W.; DiBaise, J.K. Effects of gut microbes on nutrient absorption and energy regulation.
Nutr. Clin. Pract. 2012, 27, 201–214. [CrossRef]

18. Tarracchini, C.; Lugli, G.A.; Mancabelli, L.; van Sinderen, D.; Turroni, F.; Ventura, M.; Milani, C. Exploring the vitamin biosynthesis
landscape of the human gut microbiota. mSystems 2024, 9, e0092924. [CrossRef]

19. Bourdeau-Julien, I.; Castonguay-Paradis, S.; Rochefort, G.; Perron, J.; Lamarche, B.; Flamand, N.; Di Marzo, V.; Veilleux, A.;
Raymond, F. The diet rapidly and differentially affects the gut microbiota and host lipid mediators in a healthy population.
Microbiome 2023, 11, 26. [CrossRef]

20. David, L.A.; Maurice, C.F.; Carmody, R.N.; Gootenberg, D.B.; Button, J.E.; Wolfe, B.E.; Ling, A.V.; Devlin, A.S.; Varma, Y.;
Fischbach, M.A.; et al. Diet rapidly and reproducibly alters the human gut microbiome. Nature 2014, 505, 559–563. [CrossRef]

21. Meslier, V.; Laiola, M.; Roager, H.M.; De Filippis, F.; Roume, H.; Quinquis, B.; Giacco, R.; Mennella, I.; Ferracane, R.; Pons, N.;
et al. Mediterranean diet intervention in overweight and obese subjects lowers plasma cholesterol and causes changes in the gut
microbiome and metabolome independently of energy intake. Gut 2020, 69, 1258–1268. [CrossRef]

22. Muralidharan, J.; Moreno-Indias, I.; Bulló, M.; Lopez, J.V.; Corella, D.; Castañer, O.; Vidal, J.; Atzeni, A.; Fernandez-García,
J.C.; Torres-Collado, L.; et al. Effect on gut microbiota of a 1-y lifestyle intervention with Mediterranean diet compared with
energy-reduced Mediterranean diet and physical activity promotion: PREDIMED-Plus Study. Am. J. Clin. Nutr. 2021, 114,
1148–1158. [CrossRef]

23. Rondinella, D.; Raoul, P.C.; Valeriani, E.; Venturini, I.; Cintoni, M.; Severino, A.; Galli, F.S.; Mora, V.; Mele, M.C.; Cammarota, G.;
et al. The Detrimental Impact of Ultra-Processed Foods on the Human Gut Microbiome and Gut Barrier. Nutrients 2025, 17, 859.
[CrossRef]

24. Whelan, K.; Bancil, A.S.; Lindsay, J.O.; Chassaing, B. Ultra-processed foods and food additives in gut health and disease. Nat. Rev.
Gastroenterol. Hepatol. 2024, 21, 406–427. [CrossRef]

25. Monira, S.; Nakamura, S.; Gotoh, K.; Izutsu, K.; Watanabe, H.; Alam, N.H.; Endtz, H.P.; Cravioto, A.; Ali, S.I.; Nakaya, T.; et al.
Gut microbiota of healthy and malnourished children in bangladesh. Front. Microbiol. 2011, 2, 228. [CrossRef]

26. Ghosh, T.S.; Gupta, S.S.; Bhattacharya, T.; Yadav, D.; Barik, A.; Chowdhury, A.; Das, B.; Mande, S.S.; Nair, G.B. Gut microbiomes
of Indian children of varying nutritional status. PLoS ONE 2014, 9, e95547. [CrossRef]

27. Von Schwartzenberg, R.J.; Bisanz, J.E.; Lyalina, S.; Spanogiannopoulos, P.; Ang, Q.Y.; Cai, J.; Dickmann, S.; Friedrich, M.; Liu, S.Y.;
Collins, S.L.; et al. Caloric restriction disrupts the microbiota and colonization resistance. Nature 2021, 595, 272–277. [CrossRef]

28. Mohr, A.E.; Jasbi, P.; Vander Wyst, K.B.V.; van Woerden, I.; Shi, X.; Gu, H.; Whisner, C.M.; Bruening, M. Association of food
insecurity on gut microbiome and metabolome profiles in a diverse college-based sample. Sci. Rep. 2022, 12, 14358. [CrossRef]

29. Eggers, S.; Hoggarth, Z.E.; Nagdeo, K.; Banas, M.J.; Lane, J.M.; Rechtman, E.; Gennings, C.; O’Neal, E.; Peppard, P.E.; Sethi, A.K.;
et al. Food insecurity modifies the association between the gut microbiome and the risk of cognitive impairment in adults. npj
Aging 2025, 11, 47. [CrossRef]

30. Wang, L.; de Ángel Solá, D.; Flores, M.A.; Schriefer, A.; Wang, L.; López, K.G.; Chang, A.; Warner, B.; Shan, L.; Holtz, L.R.; et al.
Prenatal food insecurity post Hurricane Maria is associated with decreased Veillonella in the infant gut. Pediatr. Res. 2020, 88,
917–924. [CrossRef]

31. Odoms-Young, A.; Brown, A.G.M.; Agurs-Collins, T.; Glanz, K. Food Insecurity, Neighborhood Food Environment, and Health
Disparities: State of the Science, Research Gaps and Opportunities. Am. J. Clin. Nutr. 2024, 119, 850–861. [CrossRef]

32. Gassara, G.; Lin, Q.; Deng, J.; Zhang, Y.; Wei, J.; Chen, J. Dietary Diversity, Household Food Insecurity and Stunting among
Children Aged 12 to 59 Months in N’Djamena-Chad. Nutrients 2023, 15, 573. [CrossRef]

33. Nxasana, N.; Oladimeji, K.E.; Pulido-Estrada, G.A.; Apalata, T.R. Prevalence of Micronutrient Deficiency among People Living
with HIV in Selected Rural Districts of the Eastern Cape Province of South Africa. Nutrients 2023, 15, 3017. [CrossRef]

34. Belay, A.; Gashu, D.; Joy, E.J.M.; Lark, M.R.; Chagumaira, C.; Zerfu, D.; Ander, L.E.; Young, S.D.; Bailey, E.H.; Broadley, M.R.
Mineral micronutrient status and spatial distribution among the Ethiopian population. Br. J. Nutr. 2022, 128, 2170–2180. [CrossRef]

35. Coates, J.; Swindale, A.; Bilinsky, P. Household Food Insecurity Access Scale (HFIAS) for Measurement of Food Access: Indicator Guide:
Version 3; The American Psychological Association (APA): Washington, DC, USA, 2007.

36. Taye, B.; Mekonnen, Z.; Belanger, K.D.; Davenport, E.R. Gut-microbiome profiles among Soil-transmitted helminths (STHs)
infected Ethiopian children enrolled in the school-based mass deworming program. PLoS Neglected Trop. Dis. 2024, 18, e0012485.
[CrossRef]

37. Weber, N.; Liou, D.; Dommer, J.; MacMenamin, P.; Quiñones, M.; Misner, I.; Oler, A.J.; Wan, J.; Kim, L.; McCarthy, M.C.; et al.
Nephele: A cloud platform for simplified, standardized and reproducible microbiome data analysis. Bioinformatics 2018, 34,
1411–1413. [CrossRef]

38. McMurdie, P.J.; Holmes, S. Phyloseq: An R package for reproducible interactive analysis and graphics of microbiome census data.
PLoS ONE 2013, 8, e61217. [CrossRef]

39. Chao, A. Estimating the population size for capture-recapture data with unequal catchability. Biometrics 1987, 43, 783–791.
[CrossRef]

https://doi.org/10.3390/nu18040680

https://doi.org/10.1177/0884533611436116
https://doi.org/10.1128/msystems.00929-24
https://doi.org/10.1186/s40168-023-01469-2
https://doi.org/10.1038/nature12820
https://doi.org/10.1136/gutjnl-2019-320438
https://doi.org/10.1093/ajcn/nqab150
https://doi.org/10.3390/nu17050859
https://doi.org/10.1038/s41575-024-00893-5
https://doi.org/10.3389/fmicb.2011.00228
https://doi.org/10.1371/journal.pone.0095547
https://doi.org/10.1038/s41586-021-03663-4
https://doi.org/10.1038/s41598-022-18515-y
https://doi.org/10.1038/s41514-025-00241-0
https://doi.org/10.1038/s41390-020-0839-0
https://doi.org/10.1016/j.ajcnut.2023.12.019
https://doi.org/10.3390/nu15030573
https://doi.org/10.3390/nu15133017
https://doi.org/10.1017/S0007114522000319
https://doi.org/10.1371/journal.pntd.0012485
https://doi.org/10.1093/bioinformatics/btx617
https://doi.org/10.1371/journal.pone.0061217
https://doi.org/10.2307/2531532
https://doi.org/10.3390/nu18040680


Nutrients 2026, 18, 680 16 of 16

40. Shannon, C.E. A mathematical theory of communication. Bell Syst. Tech. J. 1948, 27, 379–423. [CrossRef]
41. Hadley, W. Ggplot2: Elegrant Graphics for Data Analysis; Springer: New York, NY, USA, 2016.
42. Bray, J.R.; Curtis, J.T. An ordination of the upland forest communities of southern Wisconsin. Ecol. Monogr. 1957, 27, 326–349.

[CrossRef]
43. Xu, S.; Zhan, L.; Tang, W.; Wang, Q.; Dai, Z.; Zhou, L.; Feng, T.; Chen, M.; Wu, T.; Hu, E. MicrobiotaProcess: A comprehensive R

package for deep mining microbiome. Innovation 2023, 4, 100388. [CrossRef]
44. Oksanen, J. Vegan: Community ecology package. R Package Version 2015. 2, 3.
45. Mallick, H.; Rahnavard, A.; McIver, L.J.; Ma, S.; Zhang, Y.; Nguyen, L.H.; Tickle, T.L.; Weingart, G.; Ren, B.; Schwager, E.H.; et al.

Multivariable association discovery in population-scale meta-omics studies. PLoS Comput. Biol. 2021, 17, e1009442. [CrossRef]
46. Benjamini, Y.; Hochberg, Y. Controlling the false discovery rate: A practical and powerful approach to multiple testing. J. R. Stat.

Soc. Ser. B Methodol. 1995, 57, 289–300. [CrossRef]
47. Chen, T.; Guestrin, C. Xgboost: A scalable tree boosting system. In Proceedings of the 22nd ACM SIGKDD International

Conference on Knowledge Discovery and Data Mining: 2016, San Francisco, CA, USA, 13–17 August 2016; pp. 785–794.
48. Kuhn, M. Caret: Classification and regression training. Astrophysics Source Code Library 2015:ascl: 1505.1003.
49. Robin, X.; Turck, N.; Hainard, A.; Tiberti, N.; Lisacek, F.; Sanchez, J.-C.; Müller, M. pROC: An open-source package for R and S+

to analyze and compare ROC curves. BMC Bioinform. 2011, 12, 77. [CrossRef] [PubMed]
50. Kolde, R. Pheatmap: Pretty heatmaps. R Package Version 2019, 1, 726.
51. Disha, A.; Kuntal, K.S.; Phuong, H.N.; Michael, T.D.; Marie, T.R.; Purnima, M.; Rahul, R. Household Food Insecurity Is Associated

with Higher Child Undernutrition in Bangladesh, Ethiopia, and Vietnam, but the Effect Is Not Mediated by Child Dietary
Diversity. J. Nutr. 2013, 143, 2015–2021. [CrossRef]

52. Borku, A.W.; Utallo, A.U.; Tora, T.T. The level of food insecurity among urban households in southern Ethiopia: A multi-index-
based assessment. J. Agric. Food Res. 2024, 15, 101019. [CrossRef]

53. Gilley, S.P.; Ruebel, M.L.; Chintapalli, S.V.; Wright, C.J.; Rozance, P.J.; Shankar, K. Calorie restriction during gestation impacts
maternal and offspring fecal microbiome in mice. Front. Endocrinol. 2024, 15, 1423464. [CrossRef]

54. Davoody, S.; Halimi, H.; Zali, A.; Houri, H.; Brand, S. Double-edged sword effect of Sutterella in neurological disorders:
Implications for the gut-brain axis and neuroimmune interactions. Neurobiol. Dis. 2025, 214, 107032. [CrossRef]

55. Hiippala, K.; Kainulainen, V.; Kalliomäki, M.; Arkkila, P.; Satokari, R. Mucosal Prevalence and Interactions with the Epithelium
Indicate Commensalism of Sutterella spp. Front. Microbiol. 2016, 7, 1706.

56. Wang, L.; Christophersen, C.T.; Sorich, M.J.; Gerber, J.P.; Angley, M.T.; Conlon, M.A. Increased abundance of Sutterella spp. and
Ruminococcus torques in feces of children with autism spectrum disorder. Mol. Autism 2013, 4, 42. [CrossRef]

57. Molitoris, E.; Wexler, H.M.; Finegold, S.M. Sources and Antimicrobial Susceptibilities of Campylobacter gracilis and Sutterella
wadsworthensis. Clin. Infect. Dis. 1997, 25, S264–S265. [CrossRef]

58. Dave, J.; Cullen, K.W. Dietary Intakes of Children From Food Insecure Households. J. Appl. Res. Child. 2012, 3, 7. [CrossRef]
59. Fu, J.; Zheng, Y.; Gao, Y.; Xu, W. Dietary Fiber Intake and Gut Microbiota in Human Health. Microorganisms 2022, 10, 2507.

[CrossRef]
60. Cafiero, C.; Viviani, S.; Nord, M. Food security measurement in a global context: The food insecurity experience scale. Measurement

2018, 116, 146–152. [CrossRef]
61. Benjamin-Neelon, S.; Differding, M.; Mueller, N. Infants from food insecure households have altered gut microbiota (OR01-03-19).

Curr. Dev. Nutr. 2019, 3, nzz040.OR01-03-19. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/nu18040680

https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.2307/1942268
https://doi.org/10.1016/j.xinn.2023.100388
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1186/1471-2105-12-77
https://www.ncbi.nlm.nih.gov/pubmed/21414208
https://doi.org/10.3945/jn.113.175182
https://doi.org/10.1016/j.jafr.2024.101019
https://doi.org/10.3389/fendo.2024.1423464
https://doi.org/10.1016/j.nbd.2025.107032
https://doi.org/10.1186/2040-2392-4-42
https://doi.org/10.1086/516234
https://doi.org/10.58464/2155-5834.1070
https://doi.org/10.3390/microorganisms10122507
https://doi.org/10.1016/j.measurement.2017.10.065
https://doi.org/10.1093/cdn/nzz040.or01-03-19
https://doi.org/10.3390/nu18040680

	Introduction 
	Methods 
	Study Design 
	Food Security Status 
	Sample Collection and DNA Extraction 
	Raw Sequence Processing 
	Statistical Data Analysis 
	Machine Learning 
	Data and Code Availability 
	Ethics 

	Results 
	Study Population Characteristics 
	Gut Microbiome Composition Is Impacted by Food Security Status 
	Gut Microbiome Composition Is Impacted by Food Variety Consumption 
	Gut Microbiome Composition Is Impacted by Disliked Food Consumption 
	Gut Microbiome Composition Is Impacted by a Smaller Meal Size 
	Gut Microbiome Composition and Other Proxy Food Security Variables 
	Machine Learning Model Accurately Classifies Food Security Status 

	Discussion 
	Conclusions 
	References

