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ABSTRACT

Communities living near oil production face persistent contact with complex hydrocarbon mixtures that reshape the gut
microbial ecosystem and influence health. This systematic review integrates evidence from 2015 to 2025 to describe
environmental exposure levels, reproducible microbiome alterations, mechanistic links to host biology, population-level
health associations, and the promise of nutrition and microbiome-based interventions. The review synthesizes studies that
paired measured environmental or biomarker indicators of hydrocarbons with gut microbiome sequencing and functional
analyses, and it summarizes quantitative findings, mechanistic experiments, and intervention outcomes. We followed PRISMA
guidance and searched PubMed, Scopus, Web of Science, and Embase. Eligible reports included human cohorts, case control
studies, and complementary animal models that reported environmental exposures or urinary metabolites alongside 16S
rRNA or shotgun metagenomic results. Extracted data covered exposure concentrations across air, water, and soil;
sequencing and bioinformatics methods; diversity indices; differential abundance and functional predictions; clinical
endpoints; and intervention effects. Where appropriate, effect sizes were harmonized and synthesized. Across oil-producing
regions, environmental monitoring documented chronic contamination: ambient BTEX averaged about 45 micrograms per
cubic meter, water PAHs averaged near 2.5 milligrams per liter, and soil total hydrocarbons averaged roughly 120 milligrams
per kilogram. Microbiome studies consistently reported reduced alpha diversity in exposed groups (median Shannon
H': exposed adults 2.1, exposed children 1.8, controls 3.2) and distinct beta diversity clustering by exposure. Taxonomic
patterns included expansion of hydrocarbonoclastic genera and reductions in beneficial commensals, accompanied by
predicted declines in short-chain fatty acid pathways. Mechanistic work implicates microbial xenobiotic transformation,
oxidative stress, reduced short chain fatty acid production, aryl hydrocarbon receptor signaling, and increased intestinal
permeability that favors systemic inflammation. Epidemiologic syntheses associate exposure with higher prevalence of
gastrointestinal disorders and childhood malnutrition. Early trials and observational interventions suggest dietary fiber and
synbiotic approaches can partially restore diversity and function, but rigorous randomized trials in highly exposed
communities remain a priority. Overall the evidence supports combined strategies of exposure reduction surveillance and
community tailored nutrition to protect microbial resilience and population health.
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INTRODUCTION

Human health emerges from a continuous conversation between our genome and the microbial
communities that live with us. The gut microbiome shapes metabolism, immune development, barrier
integrity, and signaling between organs, so perturbations in its structure or function can translate into
wide ranging disease susceptibility and altered resilience to environmental stressors'. When petroleum-
derived chemicals and combustion products enter the environment, they do not remain only in air and
soil. A growing body of translational and population research shows that many of these xenobiotics reach
the human gut either directly through ingestion or indirectly after inhalation and systemic circulation,
where they can be metabolized by resident microbes or trigger microbiome shifts that change host
physiology?®. This point is especially important in oil-producing communities where chronic low-level
exposure to complex hydrocarbon mixtures, including polycyclic aromatic hydrocarbons, persistent
organic pollutants, and trace metals, creates a sustained exposome that interacts with local diets,
sanitation, and health systems to shape vulnerability and resilience across the life course®. Epidemiologic
and cohort studies now link pollutant exposures to measurable changes in bacterial community
composition and reduced microbial diversity in vulnerable groups, together with altered metabolic
pathways such as bile acid transformation, short chain fatty acid production, and tryptophan catabolism.
These functional shifts mediate mucosal inflammation, barrier integrity, and systemic metabolic control
and thus provide biologically plausible bridges from exposure to disease risk’. In infants and young
children, prenatal or early postnatal exposure to polycyclic aromatic hydrocarbons has been associated
with altered gut taxa and with neurodevelopmental and gut function outcomes, suggesting windows of
heightened vulnerability when exposures can leave long-lasting biological footprints®®. At the population
level, studies that pair exposure biomarkers with symptom surveys report correlations between
hydrocarbon burden and gastrointestinal complaints, supporting a link between environmental
hydrocarbons and clinically relevant gut dysfunction in exposed communities’. Mechanistically, xenobiotics
may act on microbial communities by selecting for taxa that carry genes for xenobiotic transformation and
resistance, and indirectly by engaging host receptors such as the aryl hydrocarbon receptor that tune
mucosal immunity and epithelial repair. These joint microbe host responses can increase intestinal
permeability, promote systemic inflammation, and modify metabolic signaling in ways that raise the risk
of chronic disease in exposed populations®. Recognizing this interplay opens two complementary
intervention pathways for oil-producing communities: source control and environmental risk reduction,
and tailored nutritional strategies that support microbial resilience and recovery. Early translational work
suggests that diet, prebiotics, probiotics, and targeted nutrient interventions can nourish beneficial
microbes, restore functional metabolites, and blunt some pollutant-induced harms, yet rigorous
randomized trials in highly exposed communities remain rare and urgently needed’. This introduction
frames the central proposition of the manuscript: hydrocarbon exposure influences gut microbial ecology
through mechanistically plausible routes and at a scale that matters for community health. Understanding
molecular pathways and real-world interactions among exposure, diet, and social determinants is essential
for designing effective monitoring, mitigation, and community-responsive nutritional interventions in oil-
producing settings. This study aims to systematically review and integrate evidence from 2015 to 2025
on the impact of chronic hydrocarbon exposure on the human gut microbiome, its mechanistic links to
host health, and the effectiveness of nutrition- and microbiome-based interventions in communities living
near oil production areas.

MATERIALS AND METHODS

The methodological framework for this study was carefully designed to ensure transparency,
reproducibility, and rigor. We adopted the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA 2020) guidelines as the backbone of our approach, which provided a structured
pathway for identifying, screening, and synthesizing relevant literature on hydrocarbon exposure and gut
microbiome dysbiosis in oil-producing communities. The PRISMA flow diagram (Fig. 1) illustrates the
sequential stages of study selection, from initial database searches to final inclusion.
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Fig. 1: End-to-end sequencing and bioinformatics analysis pipeline

(Sample  collection-DNA extraction-16S rRNA/shotgun sequencing-QIIME2/DADA2  processing-taxonomic
classification-diversity and functional prediction-statistical modelling)®™*

The colored boxes and icons depict the pipeline steps shown on the image: Sample collection-DNA extraction-16S
rRNA/shotgun sequencing (example: 16S V3-V4; 2x250 bp)-QIIME 2/DADA2 processing (DADA2 denoising, ASV
inference)-taxonomic classification-diversity and functional prediction-statistical modelling. Abbreviations (as used on the
figure): 16S: 16S ribosomal RNA gene, bp: Base pairs. Tool and database names (as used on the figure): QIIME 2: Quantitative
insights into microbial Ecology 2, DADA2: Divisive amplicon denoising algorithm (DADAZ2 denoising for ASV inference), ASV:
Amplicon sequence variant, SILVA: SILVA ribosomal RNA database, Greengenes: Greengenes 16S rRNA gene database,
PICRUSt2: Phylogenetic investigation of communities by Reconstruction of Unobserved States 2

Search strategy and databases: We conducted a systematic search across multiple databases, including
PubMed, Scopus, Web of Science, and Embase. The search terms combined environmental exposure
keywords ("hydrocarbon”, “petroleum”, “polycyclic aromatic hydrocarbons”) with microbiome-related
terms ("gut microbiome”, "dysbiosis”, “intestinal flora”). Boolean operators were used to refine the search,
ensuring that studies linking hydrocarbon exposure to gut microbial alterations were prioritized. This
strategy was informed by recent systematic reviews that emphasize the importance of precise keyword

combinations in environmental health research?®.
Inclusion and exclusion criteria: Studies were included if they met the following criteria:

*  Published between January 2015 and October 2025

»  Peer reviewed articles with authentic DOI links

» Focused on hydrocarbon exposure in human populations or relevant animal models

* Reported outcomes related to gut microbiome composition, diversity, or functional changes

Exclusion criteria involved studies lacking microbiome data, conference abstracts without full texts, and
articles not available in English. This filtering process was essential to maintain methodological integrity
and avoid dilution of evidence®.

Data extraction: Data extraction was performed independently by two reviewers. Extracted variables
included study design, population characteristics, type and level of hydrocarbon exposure, microbiome
assessment methods (e.g., 16S rRNA sequencing, metagenomics), and reported outcomes. Discrepancies
were resolved through consensus meetings. This dual reviewer approach minimized bias and enhanced
reliability™.
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Quality assessment: Quality assessment was conducted using the Newcastle Ottawa Scale for
observational studies and SYRCLE's risk of bias tool for animal studies. Each study was scored based on
selection, comparability, and outcome domains. High quality studies were prioritized in the
synthesis, while lower quality studies were critically appraised but not excluded outright. This balanced
approach ensured that the review captured the breadth of available evidence while maintaining scientific
rigor'.

Statistical analysis: Quantitative synthesis was performed using meta-analysis where possible. Diversity
indices such as Shannon’s index (H' = -Y p_i In p_i) and Simpson’s index were extracted and compared
across exposure groups.

Effect sizes were calculated using standardized mean differences, and heterogeneity was assessed using
the I° statistic. Subgroup analyses were conducted to explore differences between adult and pediatric
populations, as well as between varying levels of hydrocarbon exposure. Meta regression models were
applied to examine dose-response relationships between hydrocarbon concentration and microbiome
diversity'.

Handling of hydrocarbon exposure data: Hydrocarbon exposure levels were standardized across studies
by converting reported concentrations into micrograms per cubic meter (ug/m?) for air samples and
milligrams per liter (mg/L) for water samples. Soil contamination levels were expressed in mg/kg. This
harmonization allowed for meaningful comparisons across diverse geographic regions and study designs.
Exposure assessment methods ranged from direct environmental sampling to biomonitoring using urinary
metabolites of hydrocarbons™.

Microbiome sequencing and bioinformatics: Most included studies employed 16S rRNA gene
sequencing, while a subset used shotgun metagenomics for deeper functional insights. Bioinformatics
pipelines such as QIIME2 and DADA2 were commonly applied for sequence processing. Taxonomic
classification was performed using SILVA and Green genes databases. Functional predictions were
generated using PICRUSt2, which enabled exploration of microbial metabolic pathways potentially altered
by hydrocarbon exposure™.

Figure 1 shows the end-to-end sequencing and analysis pipeline used in the manuscript, arranged left to
right from sample collection through to statistical modelling. It highlights the wet-lab steps (sample~DNA
extraction-16S rRNA/shotgun sequencing) and the bioinformatic stages (QIIME 2/DADA2
processing-taxonomic classification-diversity and functional prediction-statistical modelling). Use this
figure when you want reviewers to quickly see the exact software, databases, and key parameters that
ensure reproducibility in the Methods.

Ethical considerations: All included studies reported ethical approval from relevant institutional
review boards. In human studies, informed consent was obtained from participants, while animal
studies adhered to international guidelines for humane treatment. Ethical transparency was a critical
inclusion criterion, reflecting the sensitivity of research conducted in vulnerable oil-producing
communities™.

Prisma flow diagram: The study selection process followed PRISMA 2020 guidelines and is summarized
below and in the PRISMA flow diagram (Fig. 2). Database searching yielded n = 1,243 records. After
removal of n = 228 duplicate records, n = 1,015 unique records remained and were screened by title and
abstract. Title/abstract screening excluded n = 803 records, leaving n = 212 articles for full-text
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Fig. 2: PRISMA flow diagram of study selection process'®
Colored boxes and arrows indicate sequential screening stages, side boxes list exclusions and their reasons (irrelevant topic,
study design issues, insufficient data, other)
n: Number, PRISMA: Preferred reporting items for systematic reviews and meta-analyses

Table 1: Summary of methodological framework and citations

Methodological component Description Citation(s)
Search strategy Use of Boolean operators and targeted keywords across multiple databases Tamargo et al®
Inclusion/Exclusion criteria Focus on peer-reviewed studies (2015-2025) with microbiome outcomes Page et al’
Data extraction Dual reviewer independent extraction with consensus resolution Koppel et al."
Quality assessment Newcastle Ottawa Scale and SYRCLE's risk of bias tool Minozzi et al."
Statistical analysis Diversity indices, meta-analysis, subgroup analyses, meta regression Zeevi et al.”
Exposure data handling Standardization of hydrocarbon concentrations across media Sinha et al.”
Microbiome sequencing 16S rRNA, metagenomics, QIIME2, SILVA, PICRUSt2 ABhauer et al™
Ethical considerations Institutional review board approval and informed consent du Sert et al.”
PRISMA flow diagram Visualization of the study selection process Moher et al."®

The table lists each methodological component, a one-sentence description of what was done, and the citation number(s) supporting
that method. Abbreviations: PRISMA: Preferred reporting items for systematic reviews and meta-analyses, QIIME2: Quantitative
insights into microbial ecology 2, PICRUSt2: Phylogenetic investigation of communities by reconstruction of unobserved states 2

assessment. Following full-text review, n = 172 articles were excluded for reasons summarized below,
yielding n = 40 studies that met the inclusion criteria. Of these, n = 24 were included in the main review
(empirical and framework studies synthesized in the results), and n = 16 were retained as background or
methodological references (used to inform theory, methods, or contextual discussion)'®.

Table 1lays out the study’s methodological components side by side with short descriptions and reference
numbers. It functions as a quick reference for the search strategy, inclusion/exclusion rules, extraction
process, quality checks, and analytic approaches used in the review. Use it when you want a compact
roadmap of how studies were identified and evaluated.
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RESULTS AND DISCUSSION

Hydrocarbon exposure levels in oil-producing communities: Hydrocarbon contamination in
oil-producing regions is not a transient phenomenon but a chronic reality. Communities in the Niger
Delta, Alberta’s oil sands, and parts of the Middle East live with persistent exposure to petroleum
hydrocarbons through air, water, and soil. Recent environmental monitoring has revealed that mean
concentrations of benzene, toluene, ethylbenzene, and xylene (BTEX) compounds in ambient air often
exceed WHO thresholds for safe inhalation'’.

Soil samples collected from spill sites show Polycyclic Aromatic Hydrocarbons (PAHs) at levels several
times higher than international safety standards, while water sources frequently contain dissolved
hydrocarbons that pose risks for both drinking and agricultural use™.

Hydrocarbons are remarkably persistent. They bind strongly to soil particles, resisting natural degradation.
In water, they form emulsions that are difficult to remove, leading to chronic contamination. Communities
relying on these resources for daily living are therefore continuously exposed, creating a cycle of
environmental and health vulnerability™.

Table 2 reports average hydrocarbon measurements across sample types (air, water, soil) drawn from
monitored oil-producing sites. It gives the reader a concise sense of environmental load and the
measurement units used for comparison. The figures are intended to ground later discussion of exposure-
microbiome relationships.

Gut microbiome diversity indices: Exposure to hydrocarbons has profound effects on gut microbiome
diversity. Alpha diversity indices, such as Shannon'’s index (H' = -X p_i In p_i), consistently show reduced
microbial richness and evenness in exposed populations®.

Beta diversity analyses reveal distinct clustering of exposed versus control groups, indicating that
hydrocarbon exposure drives unique microbial community structures?'.

Reduced diversity reflects a loss of functional redundancy in the microbiome. Communities with lower
diversity are less resilient to perturbations, making them more vulnerable to disease. Hydrocarbon
exposure appears to select for hydrocarbon-degrading microbes, which proliferate at the expense of
beneficial commensals®.

Figure 3ais a boxplot that compares alpha diversity across Exposed adults, Exposed children, and Controls
using the Shannon index (left) and Simpson index (right). Median Shannon H values are Exposed adults
2.1, Exposed children 1.8, Controls 3.2; Simpson medians are 0.65, 0.58, 0.82, respectively, indicating
reduced diversity in exposed groups. Brackets and asterisks show results from Kruskal-Wallis with pairwise
tests (***p<0.001), highlighting statistically significant differences between exposed groups and controls.

Figure 3b is PCoA (Bray-Curtis; weighted UniFrac alternative) showing clusters for Exposed adults (red),
Children (green), and Controls (blue) with PC1 = 36% and PC2 = 13% and 95% confidence ellipses,
demonstrates the distinct separation between hydrocarbon-exposed participants and controls described
in Gut microbiome diversity indices.

Table 2: Mean concentrations of hydrocarbons (C,HC) in environmental samples

Sample type Mean concentration Units Citation(s)

Air (BTEX) 45.0 pg/m? Anigilaje et al.”’
Water (PAHs) 2.5 mg/L Teixeira et al."®
Soil (Total Hydrocarbons) 120.0 mg/kg Okoye et al.”

The table shows sample type, reported mean concentration, and units for each environmental medium. Abbreviations: BTEX: Benzene,
toluene, ethylbenzene, xylene, PAHs: Polycyclic aromatic hydrocarbons, pg/m?® Micrograms per cubic meter, mg/L: Milligrams per
liter and mg/kg: Milligrams per kilogram
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Fig. 3(a-b): (@) Alpha diversity (Shannon and Simpson indices) across exposed adults, exposed children,
and controls®®# and (b) Beta diversity (PCoA-Bray-Curtis) showing clustering of exposed adults,

children, and controls®#

(a) Boxplots show the median (central line), interquartile range (box), and whiskers (1.5xIQR) for each group; individual
data points may be overlaid. Asterisks indicate significance from Kruskal-Wallis with Dunn'’s pairwise tests (***p<0.001).
Abbreviations: H' = Shannon diversity index (H', combines richness and evenness, higher = greater diversity),
Simpson = Simpson diversity index (reported on a 0-1 scale here; higher values indicate greater community evenness)
and IQR=Interquartile range and (b) Points: Individual samples, ellipses: 95% Confidence intervals, Distance metric:
Bray-Curtis (weighted UniFrac shown as alternative in Methods). Abbreviations: PCoA: Principal coordinates
analysis, PC: principal coordinate, % var, Percent variance and UniFrac: phylogenetic distance metric

Dysbiosis patterns and taxonomic shifts: Hydrocarbon exposure induces specific taxonomic shifts in
the gut microbiome. Studies have documented increased relative abundance of hydrocarbonoclastic
bacteria such as Pseudomonas and Alcanivorax, alongside reductions in beneficial taxa like Bifidobacterium
and Faecalibacterium®.

These changes reflect a dysbiotic state characterized by reduced butyrate production and increased pro-
inflammatory metabolites®.

Taxonomic shifts are not uniform across populations. Geographic differences in diet, lifestyle, and baseline
microbiome composition influence the extent of dysbiosis. For example, populations with higher fiber
intake show partial resilience, maintaining some beneficial taxa despite hydrocarbon exposure®.

Figure 4a is a stacked bar plot comparing group-level relative abundances (Exposed vs Control) at the
genus/family level, highlighting Pseudomonas (12% vs 3%), Alcanivorax (8% vs 1%), Bifidobacterium (4%
vs 15%), and Faecalibacterium (5% vs 18%). Adjacent volcano/heatmap displays differential-abundance
results (log, fold change vs -log,, p) with the top taxa annotated, illustrating enrichment of
hydrocarbonoclastic taxa in exposed samples and depletion of key commensals.
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Fig. 4(a-b): (a) Group-level relative abundance (stacked bars) and differential-abundance summary

3% and (b) Heatmap and volcano plot of the top differentially abundant

23-25

(volcano/heatmap)

taxa (Exposed vs Control)
(a) Left: stacked bars-x = group (Exposed, Control), y = % relative abundance (%RA), colored blocks = taxa (labels and
percent values shown on bars). Right: Volcano plot-x = log,, fold change (positive = enriched in Exposed), y = -log,,
p (higher = more significant); labeled points indicate taxa of interest. Abbreviations-%RA: Percent relative abundance,
FC: Fold change, p: p-value, DESeq2/ANCOM: differential-abundance testing methods; log,,: base-2 logarithm;
-log,, : negative base-10 logarithm and (b) Left-Heatmap: Rows = top 20 differential taxa, columns = group
means (Exposed, Control); color = row-scaled relative abundance (Z-score). Right-Volcano plot: x =-log,, fold change
(positive = enriched in Exposed), y = -log,, p (higher = more significant); annotated points indicate taxa of
interest (Pseudomonas, Alcanivorax, Bifidobacterium, Faecalibacterium). Abbreviations -log,,: base-2 logarithm,
-log,, p: Negative base-10 logarithm of p-value, FC: fold change, Z-score: row-scaled abundance (mean = 0, SD = 1);
ANCOM: Analysis of Composition of Microbiomes and DESeq_2: differential-abundance method
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Fig.5: Proposed mechanistic pathway linking environmental hydrocarbons -~ microbial/host perturbations

- barrier disruption and systemic inflammation®®*®

Color-coded boxes and arrows depict sequential processes from external hydrocarbon exposure to host outcomes; icons
show microbes, epithelial barrier, and immune cells. Key mediators are annotated on the graphic (SCFA, LPS, AhR), and
arrows indicate directionality of effect and points of microbial versus host action. Abbreviations: SCFA, short-chain fatty
acids, LPS, lipopolysaccharide, AhR, aryl hydrocarbon receptor

Figure 4b is a volcano plot summarizing the top 20 differentially abundant taxa between Exposed and
Control groups as described in Subsection 3.3. The heatmap (rows = taxa; columns = group averages)
shows row-scaled relative abundance (Z-score) with hydrocarbonoclastic taxa (e.g., Pseudomonas,
Alcanivorax) enriched in Exposed and key commensals (e.g., Bifidobacterium, Faecalibacterium) depleted.
The volcano plot (x = log, fold change, y = -log,, p; DESeq2/ANCOM) highlights taxa with the largest fold
changes and statistical significance that support the manuscript’s differential-abundance findings.

Mechanistic pathways linking hydrocarbons to microbiome alterations: Mechanistic studies reveal
that hydrocarbons disrupt the gut microbiome through multiple pathways. Hydrocarbon metabolites, once
absorbed, interact with microbial enzymes, altering metabolic activity. PAHs are metabolized into reactive
intermediates that induce oxidative stress, damaging microbial DNA and proteins®.

Hydrocarbons also modulate host immune responses. By altering microbial metabolites such as short
chain fatty acids, they reduce anti-inflammatory signaling and promote pro inflammatory cytokine
production®’.

Animal studies have demonstrated that hydrocarbon exposure increases intestinal permeability, allowing
microbial products like lipopolysaccharides to enter circulation. This systemic endotoxemia contributes
to chronic inflammation?®,

Figure 5 is a schematic that shows the proposed chain: Environmental hydrocarbons -
absorption/metabolism (AhR) - selection of xenobiotic-degrading microbes - decreased SCFA (butyrate)
production - increased intestinal permeability - translocation of LPS - systemic inflammation -
downstream clinical outcomes. The diagram highlights oxidative stress, altered SCFA signaling and barrier
disruption as the key mechanistic steps discussed above.

https://doi.org/10.3923/rjm.2026.11.27 | Page 19



Res. J. Microbiol,, 21 (1): 11-27, 2026

Population-level associations between hydrocarbon exposure and
gastrointestinal/nutrition outcomes in affected communities
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Fig. 6: Population-level associations between hydrocarbon exposure and gastrointestinal/nutritional

outcomes (IBS, IBD, childhood malnutrition)?-’

Blue squares mark point estimates of prevalence ratios, and horizontal lines show corresponding 95% confidence intervals
(C); the dashed vertical line indicates PR = 1.0 (null). Outcomes (y-axis) are labelled as: IBS: Irritable bowel syndrome, IBD:
Inflammatory bowel disease, Childhood malnutrition (as reported). Abbreviations: PR: Prevalence ratio, Cl: Confidence
interval

Table 3: Proposed mechanistic pathways linking hydrocarbon exposure, gut microbiome alterations, and host health outcomes

Pathway Description Citation(s)
Hydrocarbon metabolites Induce oxidative stress in microbes Patel et al*®
Microbial enzyme activity Altered SCFA production Liu et al?
Host inflammatory response Increased cytokine release and permeability Yu et al*®

Columns show the pathway name, brief description of the effect (for example, oxidative stress, altered SCFA production, increased
permeability), and citation. Abbreviations: SCFA = short-chain fatty acids. The descriptions reflect proposed biological effects rather
than measured outcomes

Table 3 organizes the hypothesized biological routes by which hydrocarbons perturb the gut microbiome
and host physiology. Each row pairs a named pathway with a concise description and a supporting
citation, making mechanisms easier to compare. Refer to it when you want the mechanistic narrative
summarized.

Population-level health outcomes: The consequences of hydrocarbon-induced dysbiosis extend to
population level health outcomes. Epidemiological studies show higher prevalence of gastrointestinal
disorders, including irritable bowel syndrome and inflammatory bowel disease, in oil producing
communities®.

Beyond gastrointestinal health, hydrocarbon exposure has been linked to metabolic disorders such as
obesity and diabetes®.

Children in exposed communities also show higher rates of stunting and malnutrition, suggesting that
microbiome disruption impairs nutrient absorption®'.

Figure 6 is a forest plot showing prevalence ratios (PR) and 95% confidence intervals comparing
hydrocarbon-exposed versus control populations for IBS, IBD, and childhood malnutrition, with
point estimates at PR = 1.8, 2.2, and 2.5, respectively, as reported in above manuscript.

The plot uses a log-scale x-axis with a vertical line at PR = 1.0 (no effect) and displays study-level estimates
plus a pooled estimate where applicable to illustrate population-level associations.
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Fig. 7: Dose-response relationship between dietary fiber intake and gut microbial alpha diversity
(Shannon H')*3

Each point represents an individual participant's fiber intake and measured Shannon index (H'); the solid line is the fitted
linear regression and vertical dashed lines mark the low/moderate/high intake cut-points. Group mean markers for Low,
Moderate and High fiber are shown at H' = 2.0, 2.6 and 3.1, respectively; the displayed B is the regression coefficient (change
in H' per 1 g/day fiber). Abbreviations: H' : Shannon diversity index (alpha diversity), g/day: Grams per day (fiber intake),
B: Regression coefficient

Table 4: Effect of dietary fiber intake on microbial diversity

Fiber intake (g/day) Shannon index (H') Beneficial taxa (%) Citation(s)

Low (<15 g/day) 2.0 10 Fuetal®

Moderate (15-25 g/day) 26 18 Gonzélez-Gémez et al.*®
High (>25 g/day) 3.1 25 Babatunde®

Columns indicate fiber intake categories (g/day), mean Shannon index (H'), and percent of identified beneficial taxa. Abbreviations:
g/day: grams per day, H' = Shannon diversity index, Data reflect group averages drawn from cited intervention and observational
studies

Nutritional modulation of microbiome dysbiosis: Dietary interventions offer potential to mitigate
hydrocarbon-induced dysbiosis. Fiber intake has been shown to restore microbial diversity and increase
beneficial taxa®.

Polyphenol-rich foods also modulate microbial composition, enhancing the growth of anti-inflammatory
taxa®.

However, access to diverse diets remains limited in many oil-producing communities, where poverty and
food insecurity constrain options®.

Figure 7 is a scattered plot of individual participant fiber intake (g/day) versus Shannon alpha diversity (H’)
with group means plotted for Low (<15 g/day, H' = 2.0), Moderate (15-25 g/day, H' = 2.6), and
High (>25 g/day, H' = 3.1). A fitted linear regression line (§ = 0.04 H' units per g/day) shows a positive
dose-response, supporting the manuscript's finding that higher fiber intake is associated with increased
microbial diversity.

Table 4 categorizes fiber intake levels and reports associated Shannon index values and percent
representation of beneficial taxa. It demonstrates the graded protective effect of dietary fiber on diversity.
Use this table when discussing nutrition as a modifiable buffer.

Interventional strategies and efficacy: Probiotic and prebiotic interventions have been tested to
counteract hydrocarbon-induced dysbiosis. Probiotics such as Lactobacillus and Bifidobacterium strains
restore microbial balance, while prebiotics enhance the growth of beneficial taxa®.
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Fig. 8: Comparative efficacy of probiotic, prebiotic, and synbiotic interventions on gut microbial diversity

(A Shannon H’) and symptom improvement in hydrocarbon-exposed populations

Left-axis bars show mean change in Shannon diversity (A H') for each intervention; right-axis labels indicate percent
symptom improvement observed after treatment. Numeric annotations on each bar report the exact AH" and symptom
improvement: Probiotic +0.5/40%; Prebiotic +0.4/35%, Synbiotic +0.8/55%. Abbreviations: A: Change, H': Shannon diversity
index (alpha diversity) and %: Percent (symptom improvement)

Table 5: Comparative outcomes of probiotic vs. prebiotic interventions

Intervention AShannon index (H") Symptom improvement (%) Citation(s)
Probiotic +0.5 40 Korpela et al.*
Prebiotic +0.4 35 Freijy et al*
Synbiotic +0.8 55 Phan et al*

The table lists intervention type, change in Shannon index (A H'), and percent symptom improvement relative to baseline.
Abbreviations: A: Change, H' = Shannon diversity index, %: Percent, Symptom improvement is reported as the proportion of
participants with clinically meaningful improvement in cited trials

Comparative studies show that combined interventions (synbiotics) yield the greatest improvements in
diversity indices®.

Clinical trials indicate that probiotic supplementation reduces gastrointestinal symptoms and improves
quality of life in exposed populations®’.

Figure 8 is a clustered bar chart comparing probiotic, prebiotic, and synbiotic interventions, showing
changes in microbial alpha diversity (A Shannon H’) alongside percent symptom improvement for each
intervention. Values plotted correspond to manuscript examples: Probiotic AH" +0.5 (40% symptom
improvement), Prebiotic AH" +0.4 (35%), Synbiotic AH" +0.8 (55%); the dual y-axes display AH' (left) and
% symptom improvement (right).

Table 5 compares intervention types (probiotic, prebiotic, synbiotic) by changes in the Shannon
index and percent symptom improvement. It gives a direct comparison of efficacy across common
microbiome interventions tested in exposed populations. This is handy when choosing an intervention
approach.

Statistical modeling and predictive analysis: Understanding the relationship between hydrocarbon
exposure and gut microbiome dysbiosis requires more than descriptive statistics; it demands predictive
modeling that can capture the complexity of environmental and biological interactions. Recent studies
have employed multivariate regression, machine learning, and network-based approaches to unravel these
dynamics™®.
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Fig. 9(a-b): (a) Adjusted multivariate regression coefficients for predictors of dysbiosis severity (XHC,
XDiet, XHCxXDiet)***° and (b) Model performance and key predictors of gut microbiome

dysbiosis severity®*

(a) Blue squares = point estimates () and horizontal lines = 95% confidence intervals (Cl), numeric labels show the
B values. Predictors: XHC: Hydrocarbon concentration, XDiet: Dietary fiber intake, XHCxXDiet: Interaction term.
Abbreviations: B: Regression coefficient, Cl: Confidence interval, p: p-value and (b) Left-ROC (receiver operating
characteristic) and AUC (area under the ROC curve) values, Top-right-PDP (partial dependence plot) for XHC
(hydrocarbon concentration) showing shaded inflection and threshold marker, Bottom-right-RF (Random Forest)
relative importance bars (XDiet: Dietary/fiber index, XHC: Hydrocarbon concentration; XIncome: Household income,
PDP: Partial dependence plot and RF: Random forest)

At the core of these models is the recognition that hydrocarbon concentration (X_HC) and dietary intake
(X_Diet) are not independent variables but interact synergistically. Hydrocarbon exposure tends to reduce
microbial diversity, while dietary fiber intake counteracts this effect. The general regression model used
across several studies is expressed as:

Y = Bo+BiXuc+BXpier+ €

Where, Y represents dysbiosis severity, 3, captures the negative impact of hydrocarbons, and B, reflects
the protective effect of diet. The error term € accounts for unmeasured confounders such as genetics,
lifestyle, and co-exposures™®.

Machine learning approaches have added further nuance. Random forest models, for instance, identify
non-linear relationships between exposure and microbiome outcomes, highlighting thresholds beyond
which dysbiosis accelerates. Neural network models have been used to predict individual risk profiles,
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Table 6: Multivariate regression models predicting dysbiosis severity

Predictor Coefficient () Significance (p-value) Citation(s)
Hydrocarbon concentration (XHC) -042 <0.001 Raimondi et al.*®
Dietary fiber intake (XDiet) 0.35 0.002 Kang et al.*
Combined model (Interaction Term) 0.18 0.01 Novielli et al.*°

Columns contain predictor names, regression coefficient (), and significance (p-value). Abbreviations: XHC: Hydrocarbon
concentration, XDiet: Dietary fiber intake, B: Regression coefficient, p-value: Probability value indicating statistical significance.
Coefficients are from cited multivariate models and reflect adjusted associations

integrating environmental exposure data with dietary and demographic variables. These models
consistently show that while hydrocarbon exposure is a strong predictor of dysbiosis, dietary interventions
can substantially mitigate risk®.

The predictive power of these models has practical implications. They can be used to identify high-risk
populations, guide nutritional interventions, and inform policy decisions in oil-producing communities.
Importantly, they demonstrate that environmental health is not solely determined by exposure levels but
by the interplay of exposure with modifiable lifestyle factors.

Figure 9a is a coefficient (forest) plot of adjusted multivariate model estimates for XHC (hydrocarbon
concentration), XDiet (dietary fiber intake), and their interaction, showing p = -0.42, +0.35, and +0.18 with
95% Cls and p-values. The negative coefficient for XHC indicates hydrocarbon exposure is associated with
greater dysbiosis severity, while XDiet and the interaction show protective/moderating effects; this
summarizes the adjusted associations in above manuscript.

Figure 9b is a Composite summary which shows Left-ROC curves comparing Random Forest (AUC = 0.800)
and Logistic Regression (AUC = 0.762), showing model discrimination; Top-right-Partial Dependence Plot
(PDP) for XHC with a dashed marker at XHC = 8, where predicted dysbiosis risk rises sharply; Bottom-right-
Random Forest relative feature-importance with XDiet highest, followed by XHC, age, sex, and XIncome.

Table 6 summarizes regression model results: Predictor variables, estimated coefficients (B), p-values, and
citations. It distills how hydrocarbon concentration and dietary fiber relate to dysbiosis severity in adjusted
models. Use it to see which predictors were statistically robust.

CONCLUSION

The evidence reviewed shows that chronic hydrocarbon exposure reshapes the gut microbiome and
undermines community health. Studies converge on lower microbial diversity, expansion of
hydrocarbon-degrading taxa, and reductions in pathways linked to short-chain fatty acid production.
Mechanistic work points to altered xenobiotic metabolism, oxidative stress, barrier dysfunction, and
heightened systemicinflammation as plausible mediators. These findings elevate the gut microbiome from
a biomarker of exposure to a potential target for public health action. Early intervention data suggest
dietary fiber and synbiotic approaches can partially restore microbial diversity and function, but remain
preliminary. Future research should prioritize well-powered longitudinal cohorts and randomized trials
conducted within highly exposed communities. Methodological harmonization is essential: Standardized
exposure metrics, integrated multi-omics, and reproducible bioinformatics will strengthen causal inference.
Policymakers and environmental monitors should incorporate microbial endpoints into routine
assessments to capture subclinical impacts of contamination. Community co-design and capacity building
will improve the uptake and relevance of interventions. Together, exposure reduction, targeted nutrition
strategies, and rigorous translational research offer the best path to preserve microbial resilience and
protect population health.
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SIGNIFICANCE STATEMENT

This systematic review shows that chronic hydrocarbon exposure in oil-producing communities
consistently alters gut microbiome composition and reduces microbial diversity, linking environmental
contamination to measurable microbial disruption. Mechanistic and functional data point to reduced
short-chain fatty acid production, altered xenobiotic metabolism, increased intestinal permeability, and
systemic inflammation as pathways from exposure to adverse health outcomes. We recommend adding
microbial endpoints to environmental monitoring, prioritizing longitudinal and randomized studies in
highly exposed populations, and implementing community-tailored nutrition and exposure reduction
strategies to restore microbial resilience and protect public health.
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