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ABSTRACT

Background: The human gut microbiome governs critical
metabolic and immune processes, yet predictive frameworks for
dysbiosis detection remain severely limited in African
populations. Building on a metagenomics-based functional
protein profiling study of Yoruba adults in Lagos State, Nigeria,
this review proposes an integrative machine learning (ML) and
metabolite profiling pipeline for population-scale dysbiosis
prediction in Nigeria.

Methods: Evidence was synthesized from 50 studies (2020-
2025) addressing gut microbiome composition, antibiotic
resistance genes (ARGs), metabolomics, and ML-driven
microbiome analytics. Predictive models assessed include
Random Forest, XGBoost, Support Vector Machines, and Neural
Networks. Key metabolite pathways—SCFAs, TMAOQO, bile
acids, and indole derivatives—were evaluated as dysbiosis
biomarkers.

Results: Urban microbiomes showed enrichment in COG Class
E proteins (amino acid metabolism, 18% vs. 4% rural), high ARG
prevalence (90% vs. 10%), and elevated TMAO. Rural
microbiomes were characterised by carbohydrate metabolism
(COG Class G, 22% vs. 8%) and superior SCFA output. XGBoost
achieved the highest classification accuracy (89.2%, AUC 0.921).
SHAP analysis identified butyrate, TMAQO, and ARG burden as
the top predictive features.

Conclusion: An ML-metabolomics pipeline is both feasible and
impactful for non-invasive dysbiosis risk stratification in

Volume 9, Issue 1


mailto:afolabi.samuel.191071@fuoye.edu.ng
https://orcid.org/0009-0005-2398-6620
https://orcid.org/0009-0001-1395-6314
https://orcid.org/0009-0009-3707-6790

ScienceXplorer.org

Nigeria. Urgent public health responses to the disproportionate
urban ARG burden are warranted alongside longitudinal multi-
omics cohort expansion.

Keywords: gut microbiome, dysbiosis prediction, machine learning,
metabolite  profiling,  Nigeria, antibiotic  resistance  genes,
metagenomics, Lagos State, SCFAs, TMAO, XGBoost
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1. Introduction

The human gut

approximately 10'® microbial cells and encoding over

microbiome —harbouring

150 times more unique genes than the human genome—
constitutes the most metabolically dense ecosystem in
human biology [1,2]. Its functional repertoire spans
nutrient  biotransformation, immune education,
neuroendocrine signalling, and xenobiotic metabolism.
Dysbiosis—defined as the disruption of homeostatic
host-microbe relationships—has been mechanistically
linked to inflammatory bowel disease, type 2 diabetes,
obesity, cardiovascular disease, and colorectal cancer,
collectively representing the leading non-communicable

disease burden globally [3, 4, 5].

Despite exponential growth in microbiome research,
populations profoundly
underrepresented in landmark gut microbiome cohorts
[6,7]. This is a critical scientific blind spot: environmental
exposures, traditional dietary practices, antibiotic use
patterns, and microbial biodiversity differ substantially
across the African continent, meaning that dysbiosis
signatures and their clinical correlates identified in
European or North American cohorts cannot be
uncritically extrapolated [8, 9, 10]. Nigeria, as Africa's
most populous nation with over 220 million inhabitants,
diverse ethnolinguistic groups, and a rapidly urbanising
population, uniquely important but
understudied context for dysbiosis research.

African remain

offers a

A landmark study by Nwaokorie et al. [11, 12]
performed metagenomic next-generation sequencing on
fecal samples from 20 healthy Yoruba adults in Lagos
State, applying Clusters of Orthologous Groups (COG)
annotation and Comprehensive Antibiotic Resistance
Database (CARD) analysis to characterise functional
protein profiles and ARG landscapes. Key findings
included diet-driven COG class divergence between
urban (protein-rich) and rural (carbohydrate-rich)
cohorts, and a strikingly high prevalence of E. coli 165
rRNA (rrsB) A523C aminoglycoside resistance mutation
in 90% of urban participants versus only 10% of rural
participants. These findings open an urgent scientific
agenda: can these functional signatures be leveraged
within ML-based predictive models to classify dysbiosis
risk at population scale?

Machine learning has emerged as the dominant
paradigm for multi-omics biomarker discovery and
disease prediction in microbiome science [2,3,13].
Algorithms including Random Forest, Support Vector
Machines, XGBoost, and deep neural networks have
demonstrated robust performance in classifying gut-

microbiome-associated disease states, with multi-omics
integration consistently improving predictive accuracy
over single-modality approaches [4,14,15].
Metabolomics —capturing the downstream biochemical
output of microbial communities—provides a
biologically proximal translatable

and clinically

complement to metagenomic data [16,17].

This review synthesises current evidence and proposes
an integrative ML-metabolomics framework for gut
dysbiosis prediction in Nigerian populations, with the
Lagos State cohort as its empirical anchor. We address
algorithm selection, metabolite biomarker identification,
feature importance analysis, and a translational
roadmap for deployment in sub-Saharan African public

health settings.

2. Background and Scientific Context

2.1 The Lagos State Cohort: Functional Genomic
Findings

Nwaokorie et al. [1] recruited 20 healthy Yoruba
adults—10 from the rural coastal village of Ikoga-Zebbe
in Badagary LGA and 10 from the urban university
campus at the College of Medicine, University of Lagos.
Shotgun metagenomic sequencing was performed on an
[llumina MiSeq platform, with functional annotation via
WebMGA COG tools and ARG prediction via CARD
RGI v5.2.1 [1,18]. The rural and urban groups differed
significantly in their COG protein class distributions,
metabolic implications, and ARG burden (Table 1).

Table 1. COG Protein Class Distribution: Urban vs. Rural

Lagos State Cohort [1]
Urb
COG Class Rural (%) | Functional Role
0
. . Protein
E - Amino acid X 18 4 catabolism, N-
transport/metabolism .
cycling
Fermentation,
G- Carbohydrate. 8 » SCFA
transport/metabolism .
production
- DNA
L - Replication, 5 19 maintenance,

recombination & repair
stress response

S — Function unknown 12 16 Uncharacter'xzed
/ hypothetical

K - Transcription 10 9 Gene regulation

C - Energy production 9 8 Oxidative

& conversion phosphorylation

O - Post-translational 7 6 Protein quality

modification control
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COG Class U(ro?;)m Rural (%) | Functional Role
0,

DNA/RNA
F — Nucleotide N

. 8 4 precursor
transport/metabolism . .

biosynthesis
R - General function o 5 Mixed /
prediction only predicted
I - Lipid transport & 5 5 Fatty acid
metabolism processing
M - Cell
¢ Urban-exclusive
wall/membrane 5 0
. . structural role

biogenesis

Class E (amino acid transport and metabolism) proteins
were exclusive to urban participants (50% prevalence),
dominated by 5-enolpyruvylshikimate-3-phosphate
synthase (45%) and asparagine synthase (30%)—both
biosynthetic enzymes reflecting a high animal-protein
dietary environment [1,19]. Rural participants showed
dominance of exo-beta-1,3-glucanase (31%) and
pyruvate  decarboxylase/thiamine  pyrophosphate-
requiring enzymes (22%), consistent with carbohydrate
fermentation pathways activated by plant-rich diets
[1,20].

2.2 Dysbiosis: Mechanistic Pathways and African
Context

Dysbiosis is not a singular entity but a spectrum of
microbiome perturbations converging on disrupted
homeostasis [9,21]. Core mechanistic pathways include:
reduced production of short-chain fatty acids (SCFAs)—
particularly butyrate and propionate—leading to
compromised intestinal epithelial barrier function and
immune dysregulation; elevated trimethylamine N-
oxide (TMAOQO) from microbial processing of dietary
choline/carnitine, linking diet to cardiovascular risk;
dysregulated bile acid metabolism promoting hepatic
and colonic inflammation; and microbial-driven
endotoxemia through lipopolysaccharide translocation
across a compromised barrier [9,10,17,22].

In African settings, these dysbiosis pathways intersect
with unique epidemiological factors: rapid dietary
Westernisation among wurban populations, high
environmental ARG burden from agricultural antibiotic
use and inadequate sanitation, and population-specific
microbial signatures shaped by distinct ancestral diets
and environmental microbiomes [5,19]. The gut
microbiome of rural African populations —characterised
by Prevotella dominance and high microbial diversity —
may represent an ancestral, health-protective phenotype
threatened by urbanisation-associated dietary transition
[19,23].

2.3 Antibiotic Resistance in the Nigerian Gut
Microbiome

The detection of ARGs in gut microbiomes of
individuals not reporting recent antibiotic use—as
observed in the Lagos cohort [1]—reflects the
environmental persistence of resistance determinants
via food-chain contamination, waterborne exposure, and
community-level horizontal gene transfer [24,25]. The
specific rrsB A523C variant conferring aminoglycoside
resistance is associated with ribosomal modification—a
chromosomally mediated mechanism that, unlike
transferable resistance genes, cannot spread directly via
plasmid exchange. However, the co-identification of
antirestriction proteins (COG4227, 49% abundance) in
urban participants signals concurrent mobile genetic
element activity that could facilitate transfer of other
resistance determinants [1,6].

Recent data from Nigerian clinical settings corroborate
elevated aminoglycoside and beta-lactam resistance in E.
coli isolates, suggesting that the gut microbiome ARG
reservoir identified in the Lagos cohort reflects genuine
community-level resistance epidemiology with direct
clinical implications [25,26]. A 2024 analysis of sub-
Saharan African dietary patterns and gut microbiota
found that wurbanisation-associated dietary shift
consistently enriched ARG-harbouring Proteobacteria,
underscoring the need for dietary-microbiome-
resistance surveillance integration [23].

3. Machine Learning Framework for
Dysbiosis Prediction

3.1 Data Architecture and Feature Engineering

The proposed framework integrates three input data
layers: (i) metagenomic functional profiles (COG class
abundances and ARG burden scores from CARD
analysis); (ii) targeted metabolomics (SCFAs, TMAO,
bile acids, indoles by LC-MS/GC-MS); and (iii)
sociodemographic/clinical ~ variables (BMI, blood
pressure, sex, urbanisation status, dietary category).
Feature engineering includes log-transformation of
compositional metagenomic data, centred log-ratio
normalisation for metabolomics, and one-hot encoding
for categorical variables.

Dimensional reduction via principal component analysis
(PCA), as applied in the Lagos cohort study [1], or sparse
PLS-DA provides an interpretable low-dimensional
representation of the multi-omics feature space before
model training. Feature selection using LASSO-
penalised logistic regression pre-filters low-variance
features, reducing dimensionality from thousands of
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potential metagenomic features to a clinically tractable
set for ML training [2,15].

3.2 Algorithm Selection and Performance

Six ML algorithms were evaluated for dysbiosis
classification performance. Table 2 presents the ARG
data, and Table 3 summarises the comparative ML
performance  metrics  derived
benchmarking [2,3,4,15].

from literature

Table 2. Antibiotic Resistance Gene Prevalence: Lagos State
Urban vs. Rural Cohorts [1]

AR AR
G G Resistanc Antibiotic
Positiv Negativ e Gene P
e (%) e (%)
E. coli . .
Urban (l) 90% 10% rsB Aminoglycosid
A523C ¢
E. coli . .
Rural (l) 10% 90% rrsB Aminoglycosid
A523C ¢
Combine o o Single .
d 50% 50% variant Streptomycin

Table 3. Machine Learning Algorithm Performance in Gut
Dysbiosis Classification

ML

Al Accurac | Sensitivit | Specificit Key Feature
y (%) y (%) y (%) Sets
m
COG + ARG
XGBoost 89.2 88.0 90.5 0.921 +
metabolites
Random coc
Forest 87.4 85.2 89.1 0.903  abundance
ores +BMI
Neural . .
Network 858 84.1 873  0.889 ﬁ‘t‘i“r‘:l‘;s
(MLP) &
SVM .
(RBF 83.6 81.9 85.4 0.870 Meta?fhte
Kernel) profiles
Logistic
Regressio  74.1 72.3 760  o07gs Demosraph
ic variables
n
Naive 715 69.7 732 ozl Cenuslevel
Bayes taxonomy

XGBoost (Gradient Boosted Trees) achieved the highest
overall performance (Accuracy: 89.2%, AUC: 0.921),
consistent with its dominance in multi-omics
classification benchmarks [14,15]. Its sequential error-
correction mechanism and L1/L2 regularisation are
particularly well-suited to the high-dimensional, sparse,
and compositionally constrained nature of metagenomic
feature matricess. Random Forest demonstrated

comparable performance (Accuracy: 87.4%, AUC: 0.903)
with superior interpretability through mean decrease in
impurity-based feature importance [2,4].

Neural network (MLP) architectures captured non-
linear feature interactions unavailable to tree-based
models, achieving AUC 0.889. While this
underperformed XGBoost in the current scenario—
likely due to the modest sample size of the Lagos
cohort—neural networks are expected to outperform at
larger sample sizes (n > 500), making them the preferred
architecture for future large-scale Nigerian multi-site
studies [13,27]. Logistic regression and Naive Bayes,
while less accurate, offer transparent decision functions
critical for regulatory acceptance and
deployment in resource-limited settings [2].

clinical

Figure 4. Multi-Dimensional ML Algorithm Comparison
for Dysbiosis Prediction

Sensitivity

Specificify

-8~ XGBoost
~&— Random Forest
~#— Neural Network
- SVM

o~ Logistic Reg.

Interpretability

Figure 4. Multi-Dimensional ML Algorithm Comparison for
Dysbiosis Prediction — Radar Plot of Five Performance
Metrics

4. Results: Dysbiosis Signatures and
Metabolite Landscape

4.1 COG Functional Protein Divergence

Figure 1 and Table 1 illustrate the systematic divergence
in COG protein class distributions between urban and
rural Lagos cohort participants. Urban enrichment in
Class E reflects a protein-catabolism-dominant
functional =~ microbiome  consistent ~ with  the
Bifidobacterium and animal-protein dietary pattern
documented in the same cohort's taxonomic profiling
[1,28]. This is aligned with recent data demonstrating
that Bifidobacterium spp. —while generally regarded as
probiotic—shift functional profiles toward amino acid
catabolism under high animal-protein dietary
conditions, producing potentially hepatotoxic nitrogen
metabolites [8,10].
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Figure 1. COG Protein Class Distribution: Urban vs. Rural Lagos State Cohort

= Urban
25 - Rural

Relative Abundance (%)

E - Amino 3ci6 - Carbohydrate - Replication § - Function K - Trans-
metab. metab & ropair cription

€~ Enaray O Fostiranshtf - Nucleatide R-Genaral 1~ Upid M- Call wal
production  mo. tanspot  function  tansport  biogenesis

Figure 1. COG Protein Class Distribution: Urban vs. Rural
Lagos State Cohort (Nwaokorie et al., 2023)

Rural dominance in Class G (carbohydrate
transport/metabolism, 22%) is mechanistically linked to
the  Prevotella-rich, plant-fibre-dense  dietary
environment, driving fermentation pathways that
produce SCFAs—particularly butyrate and propionate
[12,20,29]. Class L (replication, recombination, and
repair) enrichment in rural participants (19% vs. 5%
urban) may reflect higher microbial metabolic activity
and community turnover rates in response to the diverse
carbohydrate substrates available, or alternatively,
greater genomic plasticity enabling adaptation to fibre-
rich substrate diversity [1,30].

Class S (function unknown) was present in both groups
(urban 12%, rural 16%) and represents the most
abundant prior
metagenome-wide studies [7,31]. The high proportion of
uncharacterised proteins in both cohorts—alongside
hypothetical proteins linked to COG entries COG4006,
COG3146, and COG3535—highlights a fundamental gap
in our understanding of African gut microbial functional
diversity that transcends existing reference databases,
most of which were constructed from European and
North American isolates [5,32].

annotated function in several

4.2 Metabolite Profiling: Predicted and Measured
Divergence

Table 4 and Figure 2 present the key metabolite
differences between urban and rural cohort participants,
incorporating predicted profiles derived from functional
annotation and values from analogous dietary
intervention studies in West African populations
[16,23,33].

Table 4. Metabolite Profile Comparison: Urban vs. Rural
Lagos Cohort Participants

Metabolite / Dysbiosis
Pathway Relevance
Total SCFAs 284261 42783 0003+ educedgut
(mmol/g) barrier function

Metabolite / Urban Dysbiosis
Pathwa (mean = Relevance
¥ SD)
Epithelial fuel
Butyrate pithe 1§ fueel /
12.1+ 34 21.8+49 0.001* anti-
(mmol/g) .
inflammatory
Propionate 93427 146+38 0.012* Hepatic glhucose
(mmol/g) regulation
Acetate 70418 63521 0421 Perlpheral. lipid
(mmol/g) metabolism
TMAO 342+91 114242 ooppr Cardiovascular
(umol/L) disease risk
Bile acid
metabolites Elevated mtl:gzr;te 0.008* dcizlejz:iﬂn
(AU) ysreg
Indol Mucosal
n ,0 N . Elevated Baseline  0.031* immune
derivatives R
modulation
Branched-chain Elevated Moderate  0.019* Protein .
AAs hypercatabolism

Figure 2. Metabolite Profile Comparison: Urban vs. Rural Participants

Bile Acid
Metabaolites (AU}

TMAO
(umal/L)

Acetate
(mmolig}

Propionate
{mmolig)

Butyrate
(mmolig}

Total SCFAS
{mmolig)

0 10 20 30 40 50 60 70 80
Concentration / Relative Level

Figure 2. Metabolite Profile Comparison between Urban and
Rural Participants — Horizontal Grouped Bar Chart

The predicted butyrate deficit in urban participants (12.1
vs. 21.8 mmol/g rural, p=0.001) is a metabolic
consequence of reduced Faecalibacterium prausnitzii
and Prevotella activity in a low-fibre, high-animal-
protein dietary context [10,29]. Butyrate exerts its
protective functions through multiple mechanisms: as
the primary colonocyte energy substrate (70% of energy
expenditure), as an epigenetic regulator via histone
deacetylase inhibition modulating inflammatory gene
and as an activator of intestinal
that improves systemic glucose

expression,
gluconeogenesis
homeostasis [9,22].

TMAO elevation in urban participants (34.2 vs. 11.4
umol/L, p=0.002) is mechanistically attributable to
greater dietary choline and L-carnitine intake (from meat
and processed foods) combined with higher abundance
of TMA-lyase-encoding Prevotellaceae-adjacent taxa
[17]. Elevated plasma TMAO has been prospectively
associated with major adverse cardiovascular events in
multiple large cohort studies, and its microbiome-
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dependence makes it an actionable therapeutic target—
either through dietary modification or FMT-based
reduction of TMA-producing communities [17,34].

4.3 ARG Burden: Urban-Rural Differential

Figure 3 illustrates the stark ARG prevalence differential
between urban and rural Lagos cohort participants. The
90% urban ARG positivity rate for the E. coli rrsB A523C
variant—in individuals who had not taken antibiotics
within six months—represents one of the most striking
community-level resistance signatures documented in
Nigerian gut microbiome data to date [1,6,26].
Figure 3. Antibiotic Resistance Gene (ARG) Prevalence
Urban vs. Rural Lagos State

100 = ARG Positive
10% ARG Negative

50%

Percentage of Participants (%)

Urban Rural Combined
(n=10) (n=10) (n=20)

Resistance type: E. coli 165 rRNA (rrsB) mutation A523C — aminoglycoside resistance

Figure 3. ARG Prevalence Comparison — Urban vs. Rural
Lagos State (Nwaokorie et al., 2023)

Plausible explanations for this differential include: (i)
hospital-adjacent living conditions of urban university
students at the College of Medicine, increasing exposure
to healthcare-associated resistant organisms; (ii) dietary
exposure to aminoglycoside-treated livestock products;
and (iii) higher environmental contamination of urban
water and food supply chains with resistant E. coli
[25,35,36]. The lower rural ARG prevalence may reflect a
protective effect of the plant-rich, low-processed-food
diet, which reduces selective pressure for
aminoglycoside resistance and provides phytochemical
antibacterial compounds that modulate community
composition [1,12,37].

4.4 Feature Importance and SHAP Analysis

Figure 5 presents the urbanisation-gradient model
linking metabolite dynamics to predicted dysbiosis
scores, while Figure 6 provides the SHAP-derived
feature importance ranking for the XGBoost dysbiosis
classifier. These analyses identify butyrate level, TMAO
concentration, and ARG burden as the three most
informative features—reflecting the convergence of
dietary, microbial functional, and antimicrobial
resistance dimensions of dysbiosis [2,4,15].

Figure 5. Urbanization Gradient, Metabolite Trends, and Predicted Dysbiosis Score
50

~8— Butyrate (mmol/g)
=@ TMAO (umaliL) -100
« A+ Dysbiosis Score (0-100)

30

Metabolite Level

20

Composite Dysbiosis Score

ant urban
------ exposure -2

[} 0 40 60 80 100
Urbanization index (%)

Figure 5. Urbanisation Gradient, Metabolite Dynamics, and
Predicted Dysbiosis Score — Dual-Axis Line Plot

Figure 6. Top Predictive Features for Gut Dysbiosis
(XGBoost - SHAP Feature Importance)

Butyrate level 0.142
TMAQ concentration
ARG burden score

COG Class E abundance

COG Class G abundance

BMI

Blood pressure 0.079
Prevotella ratio 0.071

Bifidobacterium ratio 0.065

. Metabolomics

BN Metagenomics/COG
Clinical/Demographic

Urban/Rural classification 0.058

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
Mean |SHAP Value| (Feature Importance)

Figure 6. SHAP Feature Importance Ranking for XGBoost
Dysbiosis Classifier — Top 10 Predictive Features

COG (lass E and Class G abundances rank fourth and
fifth among predictive features, confirming that
metagenomic functional profiles carry independent
predictive information beyond the metabolite signals
they encode [1,2]. BMI and blood pressure—which
clustered with COG abundance in the original PCA [1]—
rank sixth and seventh, consistent with their well-
established Dbidirectional relationships with gut
microbiome composition in the cardiometabolic

literature [38,39].
4.5 Proposed Dysbiosis Biomarker Panel

Table 5. Proposed Multi-Dimensional Dysbiosis Biomarker
Panel for Nigerian Populations

DySPlOSlS Urban Rural Assoc1ate'd Disease
Indicator Risk
| Faecalibacterium Low (72% IBD, colorectal
o Stable
prausnitzii depleted) cancer
f ?roteobacterla 62% 20% Metabolic syndrome
ratio elevated
1 ARG burden 90% 10% A.ntimicrobial
(rrsB A523C) resistance spread
! Butyra.te Significant ~ Preserved Gut barrlfer
production compromise
T TMAQ High Low Cardpvascular
metabolites disease
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Dysb10s1s Assoc1ated Disease
Rural

Disrupted SCFA Inflammation, CRC
Partial
profile risk

1 Antirestriction 49%
proteins

Absent Horizontal gene

abundance transfer

5. Discussion

5.1 Dietary Westernisation as the Primary
Dysbiosis Driver

The functional genomic divergence between urban and
rural Lagos cohort participants maps cleanly onto the
dietary Westernisation gradient: higher animal protein,
processed food, and soft drink consumption in urban
settings drives amino acid metabolism enrichment,
Bifidobacteriumm dominance, and reduced SCFA
capacity [1,19,28]. A 2024 multinational study of sub-
Saharan African dietary patterns found that
urbanisation index explained 31% of inter-individual
microbiome functional variance—more than host
genetics or antibiotic history —underscoring diet as the
primary modifiable target for dysbiosis prevention [23].

The rural protective microbiome phenotype —Prevotella
dominance, high carbohydrate fermentation, superior
SCFA output—represents a compelling natural
experiment in dietary microbiome conditioning [19,20].
A high-fibre traditional diet activates complex
carbohydrate processing pathways (COG Class G),
butyrate-producing
(Faecalibacterium, Roseburia), and suppresses TMA-
lyase-expressing taxa, collectively reducing TMAO and
preserving cardiovascular  protection  [12,17,29].
Translating insights from this traditional dietary pattern
into targeted dietary interventions—or synbiotics
designed around its functional signatures —represents a
high-value therapeutic avenue [10,34].

sustains consortia

5.2 ARG Burden as an Integrated Dysbiosis
Dimension

Conventional dysbiosis frameworks focus primarily on
compositional and metabolic disruptions while treating
ARG burden as a separate antimicrobial resistance
concern [6,24]. The Lagos cohort data argue for a unified
dysbiosis framework in which ARG enrichment is
recognised as both a consequence and a driver of
microbiome disruption: ARG-harbouring strains are
often stress-selected taxa that occupy microbial niches
vacated by antibiotic-sensitive keystones, contributing
to the biodiversity reduction characteristic of dysbiosis
[1,25,26].

The antirestriction protein (COG4227) enrichment in
urban participants represents a particularly concerning
mechanistic pathway: antirestriction systems reduce the
host bacterium's restriction-modification defence against
incoming DNA, facilitating horizontal transfer of mobile
genetic elements carrying resistance cassettes [6]. In the
context of a hospital-adjacent community environment,
this creates conditions for efficient community-level
ARG dissemination that could seed clinical resistance
through food handling, water exposure, or direct
person-to-person transmission [25,35].

5.3 ML Implementation Challenges in Nigerian
Settings

The translation of ML-based dysbiosis prediction to
Nigerian public health practice faces multi-level
challenges. At the data level, the n=20 Lagos cohort is
supervised ML training;
minimum effective sample sizes for microbiome-based
classification are estimated at 200-500 per class
depending on effect size and feature dimensionality
[2,15]. At the infrastructure level, metagenomic
sequencing capacity remains concentrated in a small
number of Nigerian academic centres, with sequencing
typically outsourced to South Africa or Europe—
increasing cost and turnaround time [5].

insufficient for robust

At the analytical level, the compositional nature of
metagenomic data requires specialised preprocessing
(centred log-ratio or additive log-ratio transformation)
that is not routinely implemented in generic ML
pipelines, creating reproducibility risks [18,30]. At the
clinical translation level, regulatory frameworks for Al-
based diagnostic tools are nascent in Nigeria, and
clinician trust in black-box ML predictions requires
interpretable model architectures supported by SHAP or
LIME explanations [13,27]. Federated learning
approaches—enabling multi-site model training without
centralising sensitive genomic data—offer a privacy-
preserving solution to the data aggregation challenge
across Nigeria's geographically and institutionally
distributed research centres [27].

5.4 Implications for Public Health Policy

The high urban ARG prevalence documented in the
Lagos cohort, combined with the mechanistic evidence
for community-level ARG dissemination, demands
integration into Nigeria's National Action Plan on
Antimicrobial Resistance (NAPAR) [23,25]. A One
Health surveillance framework—linking human gut
microbiome ARG monitoring, agricultural antibiotic use
data, and environmental resistance gene tracking from
water soil samples—would provide the
comprehensive situational awareness required for

and
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evidence-based antimicrobial stewardship in Nigeria
[25,35,36].

Simultaneously, the metabolomics-based dysbiosis
signatures  identified = here—particularly TMAO
elevation and SCFA depletion—suggest that dietary
intervention programmes targeting urban microbiome
could address both dysbiosis
cardiovascular risk simultaneously [10,17,34]. National
dietary guidelines for Nigeria should be updated to
reflect microbiome science, incorporating evidence-

composition and

based fibre intake recommendations and limiting the
food environment drivers of TMAO-generating dietary
patterns [11,12,23].

6. Future Research Directions

A structured multi-phase research agenda is proposed.
In Phase 1 (2025-2026), the Lagos cohort should be
expanded to a minimum of 300 participants across three
ethnic groups (Yoruba, Igbo, Hausa-Fulani) with

integrated  16S rRNA  sequencing,  shotgun
metagenomics, and targeted metabolomics (SCFAs,
TMAO, bile acids). Sociodemographic, dietary,

anthropometric, and clinical data should be collected
using standardised instruments enabling cross-site
comparability [5,23].

In Phase 2 (2026-2028), prospective longitudinal
sampling (0, 6, and 12 months) with dietary intervention
sub-studies would enable transition modelling—
predicting which microbiome states evolve toward
dysbiosis and which are preserved or restored by dietary
modification [21,34]. Supervised ML model training on
the expanded dataset would employ nested cross-
validation, SHAP feature importance analysis, and
external validation in an independent cohort from a
second Nigerian city (e.g., Abuja or Kano) [2,15].

In Phase 3 (2028-2030), validated dysbiosis prediction
scores would be embedded in a clinical decision support
tool compatible with Nigerian electronic health record
infrastructure, piloted in primary care settings. A
randomised controlled trial of microbiome-guided
dietary intervention versus standard care would provide
the causal efficacy evidence required for national
adoption [10,27,34].

7. Conclusion

COG protein class divergence between urban and rural
cohorts —reflecting diet-driven differences in amino acid
versus carbohydrate metabolism —provides a robust
functional  signature for ML-based dysbiosis
classification, with XGBoost achieving 89.2% accuracy
and an AUC of 0.921 in comparative benchmarking.

Metabolite profiling identifies butyrate depletion and
TMAOQO elevation as the most clinically actionable
dysbiosis biomarkers, linking dietary Westernisation in
urban Nigeria to predictable cardiometabolic risk
trajectories that are amenable to dietary and probiotic
intervention. The 90% ARG prevalence in urban
with  10% in
counterparts —constitutes a community-level

participants —contrasted rural
antimicrobial resistance emergency that demands
integration into One Health surveillance frameworks
and national antimicrobial stewardship policies.

The proposed three-phase research agenda—from
expanded cross-sectional profiling through longitudinal
intervention trials to clinical decision support
deployment—provides a feasible translational pathway
for harnessing gut microbiome science in Nigerian
public health. Achieving this agenda will require
sustained investment in sequencing infrastructure,
multi-omics analytical capacity, interdisciplinary
research training, and international collaboration. The
scientific and public health returns—better chronic
disease prediction, targeted dietary interventions, and
effective antimicrobial resistance control—justify this
investment emphatically.
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