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Open burn/open detonation (OB/OD) disposes of explosive waste via uncontrolled combustion, releasing harmful pollutants like toxic gases and particulate matter. Colfax, Louisiana, houses the nation’s only commercially OB/OD thermal treatment (TT) facility, raising concerns about environmental and public health impacts due to its emissions. In this exploratory pilot study, we investigated metabolic alterations indicative of potential health impacts from exposure to emissions from a TT facility through an untargeted metabolomics analysis of urine samples obtained from local residents. Urine samples were collected from 51 residents living within a 30-km radius of the facility, with proximity, race, and sex as key variables. Samples were analyzed using ultra-high-performance liquid chromatography coupled with high-resolution mass spectrometry (UHPLC-HRMS) to identify metabolic alterations and potential biomarkers of exposure. A total of 217 metabolites were identified, with significant differences in abundance based on proximity to the facility. Key metabolic pathways affected included energy metabolism, amino acid metabolism, and oxidative stress-related pathways. Metabolites associated with oxidative stress, such as glutathione sulfonamide (GSA), were elevated in individuals residing closer to the facility, indicating increased oxidative stress. Alterations in the glutathione/glutathione disulfide (GSH/GSSG) ratio further highlighted redox imbalances. Pathway enrichment analyses revealed perturbations in glycolysis, citric acid cycle, sulfur metabolism, and nucleotide metabolism, which are linked to critical biological functions like energy production and DNA repair. Notable differences in metabolite profiles were also observed between sexes and racial groups, pointing to the interplay of intrinsic biological and environmental factors. These findings demonstrate that exposure to emissions from the TT facility may have significant impacts on human health, including disruptions in cellular metabolism and increased oxidative stress. Further research is crucial to understand the long-term health implications of these metabolic alterations and to develop strategies to mitigate the environmental and health risks associated with this facility.
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IMPACT STATEMENT
This study provides critical insights into how environmental exposure to emissions from thermal treatment (TT) facilities can disrupt human metabolism at a cellular level, using urinary metabolomics as a non-invasive monitoring approach. By linking metabolite alterations, particularly in energy, amino acid, and nucleotide pathways, with proximity to the TT facility, this work highlights a potential biochemical signature of exposure. Notably, elevated levels of glutathione sulfonamide (GSA) and disrupted antioxidant balance underscore oxidative stress as a key biological response. The integration of demographic factors such as sex and race adds an important dimension to understanding individual susceptibility. This research advances the field by establishing metabolomics as a sensitive biomonitoring approach for environmental health assessment and by identifying novel metabolite markers of exposure. These findings offer a foundation for future public health strategies, regulatory frameworks, and longitudinal studies, ultimately enhancing our understanding of environmental toxicology and personalized exposure risk evaluation.
INTRODUCTION
Colfax, a small rural town in central Louisiana, United States, has a population of 1,442 as of 2023, with 61.1% identifying as Black or African American and 33.1% as White [1] compared with the Parish as a whole, with a population of 22,123 (14.8% identify as Black or African American, 78.2% as White [2]). The community faces economic challenges, with a median individual income of $20,192 and about 35% of residents living below the poverty line. Colfax is notable for housing the country’s only commercially operated open burn/open detonation (OB/OD) thermal treatment (TT) facility. In the latest permit application, the Louisiana Department of Environmental Quality (LDEQ) ordered the TT facility to cease OB/OD operations in December 2023 until a closed-burn facility could be constructed; however, the facility is currently appealing this decision in court and remains in operation. The TT facility, in operation since 1985, was previously permitted to treat a wide variety of waste streams, including military ordnances, cylinders, explosives, and propellants, as well as hazardous materials from Superfund sites, fireworks, and ammonium perchlorate [3]. These materials contain toxic components such as metals, explosives, and organohalogens. Without containment or emission control measures, OB/OD operations at the facility released particulate matter (PM) directly into the atmosphere, raising concerns about toxic exposure risks for the Colfax community. Community members living in close proximity to the TT have reported a range of health issues, including thyroid disease, respiratory and cardiovascular disease, skin damage, and cancer [4]. Exposure to certain toxic materials or emitted pollutants has been shown in studies to cause similar health effects [5–16], further amplifying concerns about the impact of the facility’s operations on community health.
Metabolomic analysis [17, 18] offers a method for understanding connections between Colfax community members’ exposures to PM generated by OB/OD and health outcomes [4, 19] The metabolome is a highly dynamic and individualized biochemical fingerprint that responds rapidly to internal and external influences. It provides a comprehensive snapshot of physiological states of individuals at a particular time, making it a diagnostic tool for changes observed in response to environmental exposure [20]. Metabolites present in tissues or body fluids can serve as intermediate or final products of cellular metabolism, as well as byproducts of energy-producing nutrients, intermediates in the synthesis of biological macromolecules, and waste products that influence normal cellular functions [21]. Since several biomarkers are produced through cellular metabolism and various protein activities, they can indicate the effects of functional changes triggered by external exposures, such as those from OB/OD operation, delineating the potential pathways through which hazardous exposures affect health [22, 23]. Urine is also emerging as a preferred biofluid for the noninvasive monitoring of human health because changes in secreted biomarkers may be easier to detect as there is little to no evolutionary pressure to maintain homeostasis within this waste product [24]. In fact, a recent study conducted in Shanghai, China, demonstrated that short-term exposure to PM2.5 can cause significant alterations in urinary metabolomic profiles, potentially leading to disruptions in energy metabolism, oxidative stress, and inflammation [25]. Another study evaluated metabolic response to short-term exposure to airborne PM2.5 and bioaerosols using gas chromatography/liquid chromatography-mass spectrometry (GC/LC–MS) with urinary samples [26]. Key findings revealed that 33 out of 155 differential metabolites were associated with PM2.5 and bioaerosol exposure. It also revealed potential biomarkers like 16-dehydroprogesterone and 4-hydroxyphenylethanol identified for predicting PM2.5 - or bioaerosol-related diseases, highlighting dynamic changes in urinary metabolic profiles in response to air pollution.
Our previous field studies conducted in the same community have included reviews of corporate reports indicating that weapons having metal casings and ammonium perchlorate accelerant and other explosive materials are often burned by ignition with diesel [4], producing PM with complex composition. Measurements have detected environmentally persistent free radicals (EPFRs), metals, and polychlorinated dibenzo-p-dioxins and dibenzofurans (PCDD/Fs) in ambient PM2.5 and soil samples [27], with the radical electron localized on carbon with an adjacent oxygen. Residents living near the TT facility have reported several health issues, including thyroid disease, respiratory and cardiovascular conditions, skin damage, and cancer [4]. This study applied an untargeted metabolomics investigation using urine from community members residing near and potentially exposed to emissions from the TT facility in order to identify potential biomarkers of exposure and reflecting a systemic health effect that may help substantiate community members’ stated concerns about health effects. Since no established biomarkers exist for exposure to EPFRs and real-world exposures typically involve complex mixtures rather than single agents, this work represents the first attempt to identify biomarkers specific to EPFR exposure.
MATERIALS AND METHODS
Subject recruitment and sample collection
The study population consisted of residents living within a 30-km radius of the facility. Initially, 53 community members (21 male and 32 female) were recruited. However, two participants were unable to provide urine samples, resulting in a final validated sample size of 51 (21 male and 30 female) (Table 1). Participant ages ranged from 24 to 89 years, with a mean age of 65.18 +/−15.26 (SD). Among the 51 individuals providing urine samples, 20 lived within 5 km of the TT facility, and 31 lived further away. A 5 km radius was selected based on our previous work in the community, which identified this distance as encompassing the greatest concentration of reported thyroid, respiratory, and skin conditions members [4]. This boundary is also supported by empirical evidence from prior epidemiological studies demonstrating elevated health risks within similar proximities to environmental pollution sources [28, 29].
TABLE 1 | Participant demographics.	Race	F	M	Total
	Black	17	8	25
	White	13	13	26
	Total	30	21	51


This study was reviewed and received approval from the North Carolina State University Institutional Review Board (Protocol #25124) with a reliance agreement to Louisiana State University. All participants signed a consent form agreeing to urine collection. The consent form stipulated that the participants’ names were kept on a crosswalk document that is separate from the samples, which were assigned random ID numbers. Address, gender, and race were also recorded on the crosswalk table, and home address was used to obtain distance from the TT facility’s burn pads. To ensure confidentiality, the table was de-identified before being sent to the laboratory.
Participants were provided with a urine sample collection kit, including a sterile collection bottle, alcohol wipes, and detailed instructions that followed standard hospital practices. Study participants were furnished with instructions requesting that the urine be collected mid-stream; no special instructions for time of collection were provided. Following collection, samples were kept on ice during the collection period and were stored at −80°C immediately upon transfer to the laboratory. A chain-of-custody form was created for the urine sample collection, and a label containing the sample ID was applied to the sample and entered on the crosswalk table.
Sample analyses
Metabolomics method
Sample preparation and extraction
Stored urine samples were thawed in a cold room at 4°C for 1 h before 100 µL aliquots were prepared for metabolite extraction following established protocols [30, 31]. Briefly, 1.5 mL of extraction solvent (20:40:40 water/methanol/acetonitrile with 0.1 M formic acid) was added to the urine samples in 2-mL microcentrifuge tubes. The tubes were vortexed thoroughly to ensure proper mixing with the extraction solvent. After mixing, the samples were chilled at −20°C for 20 min to enhance metabolite release. The samples were then centrifuged at 15,000 rpm for 5 min at 4°C to separate the supernatant, which contained the extracted metabolites, from the residue. The supernatants were carefully transferred into new microcentrifuge tubes and dried under a stream of nitrogen gas to completely remove the solvent. Once dried, the samples were reconstituted in 300 µL of LC-MS grade water, vortexed, and centrifuged again at 15,000 rpm for 5 min at 4°C to ensure homogeneity. The final extracts were aliquoted into autosampler vials for analysis using ultra-high-performance liquid chromatography coupled with high-resolution mass spectrometry (UHPLC-HRMS). Metabolites were extracted without the addition of internal standards, as the study design focused on relative quantification rather than absolute concentration measurements. Metabolite identification was achieved by matching retention times and mass-to-charge ratios (m/z) to an in-house standard library. Quantification was based on the relative abundances of detected features across sample groups. Given the absence of spiked internal standards, the data is considered semi-quantitative, suitable for comparative analyses. To evaluate extraction efficiency, blank extractions were processed in parallel using identical protocols. Non-specific signals were assessed by comparing metabolite profiles from the blank extractions with those from biological samples, allowing for blank subtraction and recovery estimation to identify background artifacts and assess extraction performance.
UHPLC-HRMS analysis
Metabolite separation and mass analysis were conducted at the University of Tennessee Biological and Small Molecule Mass Spectrometry Core (RRID: SCR_021368) using an UltiMate 3000 RS chromatograph (Dionex, Sunnyvale, CA, United States) coupled to an Exactive™ Plus Orbitrap mass spectrometer (Thermo Fisher Scientific, Waltham, MA, United States). A reversed-phase ion-pairing chromatographic method was employed for separation, utilizing a Synergi Hydro RP column (2.5 μm, 100 × 2.0 mm; Phenomenex, Torrance, CA, United States). The mobile phase consisted of LC-MS grade solvents composed of 97% water, 3% methanol, 11 mM tributylamine as the ion-pairing reagent, and 15 mM acetic acid, with gradient elution performed as previously described by Bazurto et al. [32]. The separation was carried out at a flow rate of 0.2 mL/min for 25 min, with the column temperature maintained at 25°C. The eluted metabolites were ionized using electrospray ionization in negative polarity mode. Mass analysis was performed using the Orbitrap mass analyzer at a resolution of 140,000, with a scan range of 72–1,000 m/z, an injection time of 100 milliseconds, and an automatic gain control (AGC) target of 3 × 106, as detailed in the protocol by Bazurto et al. [32].
Data analysis
The Xcalibur (RAW) files generated from the UHPLC-HRMS analysis were converted to mzML format using the msconvert software, a tool from the ProteoWizard package. This conversion transformed the profile data into centroided data, improving their suitability for downstream analysis. The centroided data were then uploaded to the Metabolomic Analysis and Visualization Engine (MAVEN) [33, 34], an open-source software tool developed at Princeton University. MAVEN was utilized for visualization of extracted ion chromatograms (EICs), peak feature selection, peak area integration, and metabolite identification using an in-house standards library. MAVEN automatically corrected for retention time nonlinearity and aligned peak areas across all samples. Metabolites were identified by comparing chromatographic retention times ±2 min, peak shapes, signal-to-noise ratios, and exact masses within a ±5 ppm mass tolerance to an in-house standard library. Identification was further validated by comparing the natural isotopic abundance patterns of the compounds. Peak intensity data tables were generated from MAVEN for statistical analysis. Metabolite intensities were normalized by the sum to account for differences in the initial concentrations of urine samples and by volume to express metabolite ion counts per mL of urine. Due to the known biological variability of creatinine levels—which can be influenced by factors such as age, sex, muscle mass, diet, and hydration status—samples were normalized using the sum (or Total Useful Signal) approach. This data-driven method assumes that most metabolite intensities remain relatively constant across samples and has been shown in multiple studies to outperform creatinine normalization in untargeted metabolomic analyses [35, 36]. A heatmap was generated using a custom script in R Studio (version 4.2.1, RStudio Team, 2022, Boston, MA, United States). Further downstream data analysis was performed using Metaboanalyst 6.0. Variance filtering was applied using the interquartile range (IQR), and the data were log-transformed for better visualization and Pareto-scaled. Partial Least Squares-Discriminant Analysis (PLS-DA) was conducted to visualize metabolic profile differences across sample groups. Metabolites showing significant differences and a Variable Importance in Projection (VIP) score greater than 1 were selected for Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses. All statistical analyses were considered significant at P < 0.05, and pathway significance was determined at a False Discovery Rate (FDR) cutoff of <0.05.
RESULTS
Metabolomic analysis was conducted to assess if proximity to the TT facility and exposure to emissions altered the metabolome, as the metabolome is directly related to phenotype. A total of 217 metabolites were identified from 51 urine samples. Among these, 10 metabolites belonged to the vitamin superclass, 2% were neurotransmitters, 9% were related to amino acid metabolism, and 8% were involved in glycolysis, gluconeogenesis, and pentose phosphate pathways. Additionally, 22% were nucleosides, nucleotides, and analogs, 6% were lipid metabolites, 6% were carbohydrates and conjugates, 3% were citric acid cycle metabolites, and 6 metabolites were categorized under bile acids and bile salts. Most of the identified compounds were amino acid precursors and derivatives, which accounted for approximately 25% of the total metabolites, along with carbohydrates involved in nutrient metabolism.
Significant differences in metabolite abundance were observed across urine samples collected from community members (positive fold change ≥2, negative fold change ≤0.5 and P-value cut-offs <0.1). To determine if proximity to the TT facility resulted in metabolome alterations, fold changes were calculated for metabolites between individuals residing less than 5 km vs. those greater than 5 km from the TT facility’s burn pads, sex (male vs. female), and race (Black vs. White). Based on our previous discussions with residents [4], a cut-off of 5 km was chosen to differentiate residents living in the Rock community or those in similar proximity to the east, west, and north, from those in the surrounding area living further away. The relative abundance of metabolites varied significantly across these categories, with the greatest differences observed between the less than 5 km and greater than 5 km groups. Most metabolites were found to be higher in abundance in individuals residing closer to the facility (less than 5 km) compared to those farther away (Figure 1).
[image: Heatmap displaying metabolic changes with color-coded significance levels. Categories include vitamins, neurotransmitters, amino acid metabolism, and more. Each small grid shows log2 fold change, with colors ranging from blue (low) to red (high). A p-value key indicates significance with asterisks.]FIGURE 1 | A heatmap illustrating fold changes in metabolite abundance, organized by compound class, across sample groups stratified by sex, race, and proximity to the facility. The fold changes include Female/Male, Black/White, and Less than 5 km/Greater than 5 km (n = 51). Statistically significant differences are indicated by asterisks (*P < 0.1, **P < 0.05, ***P < 0.01). Metabolite abundance is represented using a color gradient, with red indicating a higher abundance and blue indicating lower abundance in female for sex-based comparison, Black individuals for race-based comparison, or individuals residing less than 5 km from the facility for proximity-based comparison.A p-value threshold of <0.1 was adopted to allow for broader detection of metabolite-level differences in this exploratory study, where the primary aim was to identify potential trends and biologically relevant patterns across sample groups. This approach has been used in similar untargeted metabolomics studies where a balance between sensitivity and specificity is critical in the initial discovery phase [37]. To address the increased risk of false positives associated with this more lenient threshold, false discovery rate (FDR) correction was applied to pathway enrichment analyses, where the biological interpretation of grouped metabolites is most meaningful and informative. The combination of a relaxed p-value threshold and FDR correction at the pathway level provides a balanced strategy for exploratory data interpretation while minimizing the likelihood of spurious associations. In future studies with larger sample sizes, we intend to apply stricter significance thresholds and uniform correction strategies.
Partial least squares discriminant analysis (PLS-DA), a supervised multivariate chemometric tool, was employed to cluster sample groups based on similarities in their metabolic profiles. A 2D PLS-DA score plot was generated to illustrate differences in metabolic profiles between groups by sex (Figure 2A), race (Figure 2B), and proximity to the facility (Figure 2C). The evident separation in the plots indicates distinct differences in metabolic profiles among the groups, suggesting variations in metabolite abundance and distinct metabolic activities, as reflected by clustering along the components. Additionally, the variable importance in projection (VIP) scores are assigned to each metabolite to indicate the extent to which each metabolite contributes to the observed separation in the PLS-DA model. Metabolites with a VIP score greater than 1 are key drivers of global metabolome profile differences between groups. VIP score plots for sex (Figure 3A), race (Figure 3B), and proximity to the facility (Figure 3C) illustrate the metabolites that significantly influence the separation in the PLS-DA plots, underscoring their pivotal role in delineating group differences. To further explore metabolic differences, volcano plots were used to visualize fold changes and statistical significance across the groups. The volcano plot for the female vs. male comparison (Figure 4A) highlights metabolites with fold changes greater than or equal to 2 in red, alongside metabolites with statistical significance (p ≤ 0.1). Similarly, the volcano plot for the race comparison (Figure 4B) shows metabolites with statistically significant upregulation or downregulation. Proximity to the facility revealed the most pronounced differences, with the volcano plot (Figure 4C) showing several metabolites with fold changes that were substantially elevated in the <5 km group compared to the >5 km group.
[image: Three scatter plots labeled A, B, and C. A: Based on sex, showing data distribution with overlapping ellipses for male (green) and female (red) on components one and two. B: Based on race, depicting data with ellipses for white (green) and black (red) categories on components one and two. C: Based on distance, illustrating data with ellipses for less than five kilometers (green) and greater than five kilometers (red) on components one and two. Each plot shows variance percentages for both components.]FIGURE 2 | Partial Least Squares-Discriminant Analysis (PLS-DA) plots illustrating metabolic profile separations with 95% confidence intervals, grouped by: (A) Sex (Female vs. Male), (B) Race (Black vs. White), and (C) Distance from the facility (Less than 5 km vs. Greater than 5 km) (n = 51).[image: Three scatter plots labeled A, B, and C show VIP scores based on different categories. A: Based on sex, with scores from 1.8 to 3.2 highlighting metabolites like UDP-glucose and Creatine. B: Based on race, scores from 1.8 to 2.8 featuring Sucralose and CDP, with a black-white color scale. C: Based on distance, from 1.5 to 3.0, showing Sucralose and Histidinol, using a distance color scale. Each plot includes a gradient of high to low levels indicated by a colored sidebar.]FIGURE 3 | Variable Importance in Projection (VIP) score plots highlighting metabolites with 15 highest VIP scores. All metabolites with a VIP score greater than 1 significantly contribute to the observed group separations. These metabolites drive the differences across (A) Sex (Female vs. Male), (B) Race (Black vs. White), and (C) Distance from the facility (Less than 5 km vs. Greater than 5 km) (n = 51).[image: Volcano plots compare metabolites for different groups. Panel A shows “Female” with significant metabolites like creatine and UDP-glucose. Panel B is labeled “Black,” highlighting metabolites like 2-isopropylmalate and lactate. Fold change is indicated by color, with red for high and blue for low changes. Volcano plot showing metabolites with fold change (x-axis) versus negative log p-value (y-axis). Significant metabolites are highlighted in red, with darker shades indicating higher fold changes. Labels identify specific metabolites such as Vanillin, Hydroxyphenylacetate, and DHPS. The plot includes dashed lines marking thresholds for significance.]FIGURE 4 | Volcano plots illustrating the differentially abundant metabolites across groups: (A) Sex (Female vs. Male), (B) Race (Black vs. White), and (C) Distance from the facility (<5 km vs. >5 km). Metabolites with a fold change ≥2 and P-value <0.1 are highlighted with red spot, while those with a fold change ≤0.5 and P-value <0.1 are highlighted with blue spot.A Venn diagram (Figure 5A) was used to analyze the unique and shared metabolites among the sample groups categorized by sex, race, and proximity to the thermal treatment facility. A total of 27 metabolites were common across all three groups. The number of unique metabolites varied, with the proximity-based comparison exhibiting the highest number (33 unique metabolites), followed by the race-based comparison (26 unique metabolites), and the sex-based comparison (16 unique metabolites). 10.5% of the metabolites were unique to the sex-based comparison, and they include glutathione sulfonamide, phosphoenolpyruvate, and glutamate. The race-based comparison revealed 17.1% unique metabolites, such as 2-isopropylmalate, phenyl lactic acid, NADH, N-acetyl glutamine, trehalose/sucrose, aspartate, taurine, and glycolate. The proximity-based comparison, which focused on individuals residing less than 5 km versus greater than 5 km from the facility, identified 21.7% unique metabolites. These included uridine, cholate, myo-inositol, indole, uracil, gluconolactone, phenylalanine, N-carbamoyl-L-aspartate, oxaloacetate, purine, nicotinamide, nicotinamide, S-ribosyl-L-homocysteine, tyrosine, homoserine/threonine, and glutamine (Table 2). Additionally, 3.9% of metabolites were shared between the sex and race groups, 17.8% between the sex and proximity groups, and 11.2% between the race and proximity groups. A total of 17.8% of metabolites were shared across all three groups. These included UDP-glucose, creatine, UMP, alpha-ketoglutarate, glutathione, CMP, malate, cystine, cysteine, glucose phosphate, lysine, cytosine, lactate, taurodeoxycholate, and cystathionine. Enrichment analysis for metabolic pathways across the sample groups was visualized in a clustered bar graph (Figure 5B), with the pathways’ significance evaluated based on their false discovery rate (FDR) plotted on a logarithmic scale. The bar graph revealed that the most significant pathways in the proximity-based groups were pyrimidine and purine metabolism, as well as phenylalanine, tyrosine, and tryptophan biosynthesis. In the race-based comparison, arginine biosynthesis and pyrimidine metabolism were prominent, while glycolysis and arginine biosynthesis pathways showed significant enrichment in the sex-based groups. These findings highlight the distinct metabolic activities and pathway perturbations across the groups, potentially linked to demographic and environmental factors.
[image: A Venn diagram and bar chart provide an analysis of metabolic pathways based on sex, race, and distance. The Venn diagram shows metabolites segregated into categories influenced by these variables, with overlaps highlighted. The bar chart presents pathways such as ascorbate metabolism and citric acid cycle, with bars color-coded by distance (green), race (orange), and sex (blue), indicating the significance of each factor, measured by the negative logarithm of the false discovery rate (FDR).]FIGURE 5 | (A) Venn diagram depicting the distribution of differentially abundant metabolites uniquely identified in each group—Sex (n = 16), Race (n = 26), and Distance (n = 33)—as well as the metabolites shared across all groups (n = 27). (B) Clustered bar graph illustrating the enriched metabolic pathways across the sample groups, with logarithmically transformed FDR values. Pathway significance was determined using P-values, with a false discovery rate (FDR) threshold of <0.05.TABLE 2 | Differential abundance of metabolites across sample groups.	List of metabolites that are uniquely present in sample groups categorized by sex, race, and proximity to the thermal treatment facility
	Sex-based unique metabolites	Race-based unique metabolites	Distance-based unique metabolites	Metabolites common across race, sex, and distance
	Trehalose 6-phosphate	2-Isopropylmalate	Homocitrulline	UDP-glucose
	D-Glyceraldehyde 3-phosphate	Trans-trans-farnesyl diphosphate	n-Carbamoyl-l-aspartate	Hydroxyphenylpyruvate
	Pikatropin	Phosphothreonine	Vanillin	UMP
	Guanidoacetic acid	Phenyl lactic acid	Hypoxanthine	Alpha-ketoglutarate
	3-Phosphoglycerate	NADH	Deoxyinosine	Glutathione
	Asparagine	Sulfolactate	Uridine	CMP
	Homocarnosine	Biotin	Cholate	Malate
	dTDP	dTMP	Myo-inositol	Hydroxylysine
	n-Acetylornithine	n-Acetyl glutamine	Indole	Histidinol
	Pyroglutamic acid	Folate	Uracil	Cystine
	GMP	Carnitine	Gluconolactone	Cysteine
	Succinate/Methylmalonate	Sedoheptulose 1/7-phosphate	S-Ribosyl-L-homocysteine	Adenosine 5′-phosphosulfate
	Orotate	Adenine	Kynurenine	Ornithine
	Phosphoenolpyruvate	Abscisate	Phenylalanine	Glucose phosphate
	Glutathione sulfonamide	Ophthalmate	Nicotinate	Lysine
	Glutamate	Trehalose/Sucrose	Xylose	N-Acetylglutamate
		L-Arginosuccinate	Dipicolinate	Cytosine
		Hydroxyproline	Hydroxybenzoate	AICA-riboside
		Riboflavin	Oxaloacetate	Creatine
		Aspartate	3-Phosphoserine	2-Oxoisovalerate
		Taurine	2-Aminoadipate	Lactate
		AMP/dGMP	Purine	Acetyl lysine
		Glycolate	Nicotinamide	Citrulline
		7-Methylguanosine	Histidine	Tauro deoxycholate
		Norepinephrine	Tyrosine	Inosine
		Pyridoxine	dAMP	Cystathionine
			Homoserine/threonine	Dihydroorotate
			Glutamine	
			Kynurenic acid	
			Pantothenate	
			2-dehydro-d-gluconate	
			Tryptophan	


Metabolic pathway enrichment analysis was performed using metabolites with a VIP score greater than 1. Pathways with an FDR <0.05 and high impact factors were selected for detailed enrichment analysis (Figures 6A–D). Metabolites associated with amino acid metabolism pathways demonstrated significant sex-based differences. Enrichment analysis revealed that metabolites such as glutathione sulfonamide, UDP glucose, geranyl diphosphate, alanine/sarcosine, guanidinoacetate, alpha-ketoglutarate, and creatine were significantly more abundant in females (P < 0.1), whereas metabolites such as lactate, glycodeoxycholate, taurodeoxycholate, 5-methyl tetrahydrofolate, and hydroxyisocaproic acid were less abundant. All significantly altered metabolites in arginine, phenylalanine, tyrosine, tryptophan, alanine, aspartate, and glutamate metabolism and biosynthesis had a higher abundance in females (Figure 6A). When comparing individuals residing less than 5 km from the TT facility to those living farther than 5 km, notable differences in energy and sulfur compound metabolism were observed (Figure 6B). Metabolites such as pyruvate, serine, alanine/sarcosine, guanidinoacetate, valine/betaine, glutathione, glutathione disulfide, glutathione sulfonamide, homoserine/threonine, cystine, cystathionine, cysteine, and tryptophan were significantly upregulated in the Less than 5 km group (highlighted in red), while phosphothreonine and abscisate were downregulated. These differences suggest potential metabolic adaptations or disruptions linked to proximity to the TT facility. Energy and carbohydrate metabolism pathways were also significantly impacted by proximity to the TT facility (Figure 6C). Metabolites upregulated in the Less than 5 km group included lactate, pyruvate, glycerate, oxaloacetate, malate, alpha-ketoglutarate, aconitate, glyceraldehyde phosphate, phosphoenolpyruvate, glycerone phosphate, and glucose phosphate (P < 0.1). Conversely, metabolites such as phenyl lactic acid and 2-isopropyl malate were downregulated. These findings highlight shifts in energy metabolism are likely driven by exposure to emissions from the TT facility. Additionally, metabolites involved in nucleotide and amino acid metabolism exhibited significant differences between the Less than 5 km and Greater than 5 km groups (Figure 6D). Red-highlighted metabolites, such as tyrosine, phenylalanine, pyruvate, cytosine, histamine, taurine, thymine, glutamine, guanine, DHPS, dihydroorotate, carnitine, cysteate, carbamoyl aspartate, hydroxyphenyl pyruvate, uridine, adenosine, guanosine, inosine, CMP, UMP, and ADP, were significantly more abundant in the Less than 5 km group (P < 0.1). In contrast, metabolites such as dTMP and 5-methyltetrahydrofolate, highlighted in blue, were less abundant. These findings indicate potential disruptions in fundamental metabolic processes in individuals residing closer to the TT facility. There were significant metabolic pathway perturbations influenced by both sex and proximity to the TT facility. Amino acid metabolism pathways showed prominent sex-based differences, while energy and carbohydrate metabolism pathways, as well as nucleotide and amino acid metabolism pathways, were most affected by proximity to the TT facility.
[image: Diagram showing two metabolic pathways. Panel A illustrates amino acid metabolism, including arginine, phenylalanine, tyrosine, tryptophan, alanine, aspartate, and glutamate with pathways highlighted in red. The urea cycle is central. Panel B outlines glycine, serine, threonine, cysteine, methionine, and glutathione metabolism, emphasizing connected metabolites and reactions with red labels, including links to NADPH production. Image showing metabolic pathways diagrams. Panel C illustrates pathways including glycolysis, gluconeogenesis, the TCA cycle, and glyoxylate and dicarboxylate metabolism. Red text highlights key compounds like pyruvate and citrate, with arrows indicating reactions. Panel D includes diagrams for pyrimidine metabolism, tyrosine metabolism, and primary bile acid biosynthesis, highlighting compounds such as L-tyrosine, uracil, and cholesterol in red, with directional arrows for metabolic reactions.]FIGURE 6 | (A) Schematic representation of amino acid metabolism pathways enriched with metabolites that exhibit differential abundance between females and males. Metabolites highlighted in red are significantly more abundant in females, while those in blue are significantly less abundant (P < 0.1). (B–D) Illustrating the most impacted pathways for differentially abundant metabolites in the Less than 5 km vs. Greater than 5 km groups. Metabolites highlighted in red are significantly upregulated, while those in blue are significantly downregulated in the Less than 5 km group (P < 0.1) (B) Schematic representation of energy and sulfur compound metabolism pathways. (C) Schematic representation of energy and carbohydrate metabolism pathways. (D) Schematic representation of nucleotide and amino acid metabolism pathways.Biomarkers for systemic inflammation and oxidative stress were evaluated across all sample groups (Figures 7A–F). The relative abundances of glutathione sulfonamide (GSA) displayed significant variations based on sex, race, and proximity to the thermal treatment facility. A study demonstrated that urinary GSA levels correlate with GSA levels in BAL and other markers of neutrophilic inflammation, suggesting that GSA could serve as a biomarker for tracking disease activity in the population [38]. Female samples exhibited higher levels of GSA compared to male samples (33,500 ± 8,337.38 vs. 14,600 ± 1,570.03) (Figure 7A). Similarly, white individuals showed significantly elevated levels of GSA compared to black individuals (18,000 ± 1812.71 vs. 33,200 ± 8,953.52) (Figure 7B). Additionally, individuals residing within 5 km of the facility exhibited higher abundances of GSA than those living farther away, indicating a potential relationship between proximity to the facility and increased metabolite levels (18,000 ± 3,161.67 vs. 37,600 ± 9,546.69) (Figure 7C). To examine antioxidant status in the groups, the glutathione/glutathione disulfide (GSH/GSSG) ratio, a critical marker of oxidative stress, was calculated across all groups. A GSH/GSSG ratio of less than 1 reflects an imbalance between reduced glutathione (GSH) and oxidized glutathione (GSSG). The relative abundances of GSH and GSSG, as well as their calculated ratio, revealed significant group-specific differences. Females demonstrated a higher GSH/GSSG ratio compared to males (18.82 ± 3.17 vs. 4.78 ± 0.79) (Figure 7D). In contrast, Black individuals exhibited elevated GSH levels and a higher GSH/GSSG ratio compared to White individuals (12.68 ± 2.57 vs. 8.96 ± 1.17) (Figure 7E). Furthermore, individuals residing closer to the thermal treatment facility (less than 5 km) displayed a slightly higher GSH/GSSG ratio compared to those living farther away (10.57 ± 1.35 vs. 11.54 ± 2.58) (Figure 7F).
[image: Bar charts compare GSA and GSH/GSSG ratios across different groups. Charts A and D show sex-based comparisons. Charts B and E show race-based comparisons. Charts C and F show comparisons based on distance. Each chart includes p-values and color-coded legends for the groups being compared.]FIGURE 7 | (A) Relative abundances of glutathione sulfonamide (GSA) in Female vs. Male sample groups. (B) Relative abundances of GSA in Black vs. White sample groups. (C) Absolute abundances of GSA in Less than 5 km vs. Greater than 5 km sample groups (D) Relative abundances of glutathione (GSH) and glutathione disulfide (GSSG), along with their ratio, in Female vs. Male sample groups. (E) GSH/GSSG abundance ratio in Black vs. White sample groups. (F) GSH/GSSG abundance ratio in Less than 5 km vs. Greater than 5 km sample groups.DISCUSSION
The TT facility in Colfax, LA experienced a substantial increase in energetic waste processing volume in 2014, raising concerns about potential environmental and public health impacts from exposure to hazardous air pollutants. Residents described experiencing adverse health conditions or symptoms potentially linked to exposure to air pollutants, including thyroid disease, respiratory distress, skin lesions, hair loss and cancers [4, 39]. The metabolomics analysis of urine samples provided valuable insights into the metabolic disruptions potentially associated with environmental exposure to emissions from the hazardous waste thermal treatment facility. The identification of 217 metabolites spanning various biochemical pathways underscores the diversity of metabolic responses influenced by proximity, sex, and race. From the two-way Anova analysis, 94 metabolites out of the 217 were significantly altered by distance when compared to sex Supplementary Figure S1). Notably, the results highlight significant differences in metabolite abundance among individuals residing closest to (less than 5 km from) the facility compared to those living farther away, suggesting an environmental impact on metabolic activity.
The impact of living near thermal treatment facilities has been a subject of concern, with several studies investigating potential health effects [40–45]. These effects include cancer, respiratory diseases, cardio-cerebrovascular disease, and adverse pregnancy outcomes [40]. In this study as well, we observed that individuals residing closer to the TT facility exhibited perturbation in the pathways involved in energy and nucleotide metabolism. We observed alterations in pathways related to glycolysis, the citric acid cycle, and oxidative phosphorylation in individuals residing closer to the facility (Figure 1). These shifts may indicate altered cellular energy production and utilization, potentially impacting cellular function and overall health [46, 47]. These pathways are important in evaluating potential health risks [48]. Studies have suggested that exposure to ambient air pollution and traffic-related air pollutants is associated with dysregulated metabolism of fatty acids, amino acids, leukotrienes and glucose [49, 50]. Similarly, we observed significant alterations in carbohydrate metabolism pathways, suggesting potential disruptions in glucose utilization and energy production. Disruptions in sulfur metabolism, particularly alterations in glutathione metabolism, as observed in our study (Figure 7) suggest increased oxidative stress in individuals closer to the facility. Glutathione plays a crucial role in cellular antioxidant defense, and its dysregulation can lead to oxidative damage to cellular components [51]. We also found that nucleoside and nucleotide metabolism pathways were impacted (Figures 5, 6). Altered nucleotide metabolism could potentially impact DNA replication and repair [52]. Altered nucleotide metabolism can also contribute to cancer development and progression. Cancer cells have an increased need for nucleotides, which are used in the synthesis of DNA and RNA. This altered metabolism can help cancer cells grow quickly, resist chemotherapy, and spread to other parts of the body [53].
Several amino acid metabolism pathways were enriched due to the differences in distance, race and sex. Few amino acid metabolism pathways such as glycine, serine and threonine metabolism, cysteine and methionine metabolism, pyrimidine metabolism and arginine metabolism were enriched in all the three groups. Valine, leucine and isoleucine biosynthesis and phenylalanine, tyrosine and tryptophan metabolism were changed in two groups due to distance and sex. Perturbations in different amino acid metabolism pathways can have implications for cellular growth, repair, and protein synthesis. Methionine, an essential amino acid, in excess also acts as precursor for homocysteine. We observed a significant increase in methionine and homocysteic acid in individuals residing closer to the TT facility (Figure 8). Increased homocysteine or hyperhomocysteinemia is a known risk factor for cardiovascular disease, Parkinson’s disease, Alzheimer’s disease and stroke [54]. Glycine and serine are biosynthetically linked together and are essential metabolite for the survival of cancer cells [55]. Chronic dysregulation of glycine and serine metabolism can lead to cancer as these amino acids also play an important role in cellular antioxidant capacity, one-carbon metabolism and help in protein, lipid and nucleic acid synthesis. Branched-chain amino acid (BCAA) leucine, isoleucine and valine were also increased significantly in the residents due to proximity to the TT facility (Figures 1, 8). Elevated levels BCAAs observed in our study may reflect increased protein catabolism and muscle wasting, which are indicators of chronic metabolic stress. This has been consistently reported in both animal models and patients with Type 1 Diabetes Mellitus (T1DM), where plasma BCAAs are significantly elevated compared to healthy controls [56–58]. These results suggest that the elevated BCAAs in our exposed group may represent not only a consequence of environmental stress but also an early metabolic indicator of disrupted energy homeostasis. Our findings align with a previous mouse study showing that exposure to PM2.5-induced asthma, was associated with elevated levels of BCAAs [59]. We also found vanillin was significantly high in the residents residing closer to the TT facility (Figure 8). In a study using high-resolution metabolomics analysis of human bronchial epithelial cells exposed to vanillin, revealed disruptions in energy, amino acid, antioxidant, and sphingolipid pathways linked to lung diseases [60].
[image: Bar charts labeled A to F compare the peak area of various compounds based on distance: less than five kilometers versus greater than five kilometers. Each chart shows the peak area for samples taken at different distances, with blue bars representing less than five kilometers and purple bars representing greater than five kilometers. Significant differences are indicated by asterisks: Vanillin (***), Leucine/Isoleucine (*), Tryptophan (*), Kynurenic acid (*), Methionine (*), and Homocysteic acid (*).]FIGURE 8 | (A) Relative abundance of vanillin in Less than 5 km vs. Greater than 5 km sample group. (B) Relative abundance of leucine/isoleucine in Less than 5 km vs. Greater than 5 km sample group. (C) Relative abundance of tryptophan in Less than 5 km vs. Greater than 5 km sample group (D) Relative abundance of kynurenic acid in Less than 5 km vs. Greater than 5 km sample group (E) Relative abundance of methionine in Less than 5 km vs. Greater than 5 km sample group (F) Relative abundance of homocysteic acid in Less than 5 km vs. Greater than 5 km sample group. *p < 0.05, ***p < 0.001.Another important amino acid pathway that was enriched due to distance and sex is tyrosine and tryptophan metabolism. We observed a significant increase in tryptophan and its metabolite kynurenic acid in the group which was close to facility (Figure 8). Tryptophan metabolism is involved in many physiological functions, including inflammation, metabolism, and immune response. Dysregulation of these metabolic pathways can contribute to the development of a number of diseases such as respiratory, nervous, digestive disorders and cancers [61]. Tryptophan and its metabolites, particularly kynurenine, can act as reactive oxygen species (ROS) scavengers by directly neutralizing ROS such as hydrogen peroxide and superoxide, converting them into less reactive or more stable compounds [62, 63]. Thus, the observed increase in tryptophan and kynurenic acid near the facility may also indicate elevated oxidative burden, given the known susceptibility of the indole ring of tryptophan to oxidation. Tyrosine is a non-essential amino acid that serves as the precursor for several crucial neurotransmitters, including epinephrine, norepinephrine, and dopamine, as well as hormone thyroxine. Dysregulation in tyrosine metabolism has been implicated in the development of several diseases, including cancers and chronic disorders [64]. Increased tyrosine in urine or dysregulated tyrosine metabolism is associated with altered thyroid function [65]. This can partially explain the increased thyroid diseases reported by the several Colfax residents [4].
We further evaluated the changes in urinary metabolites based on sex and race. Sex-specific differences revealed distinct patterns of amino acid metabolism, with females exhibiting higher levels of metabolites like glutathione sulfonamide and UDP glucose, while males displayed elevated levels of lactate and bile acids. These findings may reflect physiological differences in metabolic processing and stress response mechanisms. Similarly, race-based comparisons highlighted unique metabolic signatures, with Black individuals showing elevated levels of glutathione and a higher GSH/GSSG ratio compared to White individuals. While some of these differences may be due to inherent biological variation, they may also reflect socio-environmental disparities. Factors such as unequal exposure to environmental pollutants, differences in healthcare access, diet, and chronic stress, can influence metabolic profiles and oxidative stress responses. These observations emphasize the importance of interpreting metabolomic data within a broader social and environmental context, accounting for both biological and non-biological determinants of health.
The observed shifts in the GSH/GSSG ratio suggest potential oxidative stress and it requires detailed investigation. Under normal conditions, the GSH:GSSG ratio in mammalian cells exceeds 100:1, but this ratio decreases to 10:1 or even 1:1 under oxidative. This imbalance reflects an increase in oxidized glutathione (GSSG) relative to reduced glutathione (GSH), signifying a shift in the cellular redox state. The relative abundances glutathione sulfonamide (GSA) displayed significant variations based on proximity to the thermal treatment facility, with individuals residing within 5 km exhibiting higher abundances than those living farther away, indicating increased oxidative stress (Figure 7). Oxidative stress arises when the production of reactive oxygen species (ROS) surpasses the capacity of antioxidant defense systems, either due to insufficiency or dysfunction. This imbalance leads to significant damage to several biological macromolecules such as cellular membranes, lipids, proteins, and nucleic acids. An increase in oxidative stress is associated with onset and pathogenesis of several diseases such as thyroid disorders [66], diabetes [67], Parkinson’s disease [68], Alzheimer’s disease [69] and cancer [70]. While GSA levels and GSH/GSSG ratios are reliable biomarkers of redox status, it is important to consider potential confounding factors such as diet, medication use, renal function, and smoking, which may independently affect glutathione metabolism and oxidative balance. Future studies should incorporate detailed individual exposure histories and lifestyle data to better delineate the sources and implications of oxidative stress in environmentally exposed populations.
The study’s findings are indicative of the potential health risks associated with exposure to emissions from the TT facility. Emissions from the TT facility contain a variety of pollutants, including PM, volatile organic compounds, heavy metals and EPFRs. These pollutants can directly or indirectly interfere with cellular metabolism, leading to the observed metabolic changes. The disruption of key metabolic pathways and the association with oxidative stress biomarkers suggest that long-term exposure could lead to adverse health outcomes. Identifying unique metabolites and pathway perturbations linked to proximity highlights the need for further epidemiological studies and regulatory measures to mitigate environmental health risks.
Limitations of the study
While the study provides compelling evidence of metabolic alterations, several limitations should be noted. First, this is an exploratory study with a relatively small sample size. However, this is a rural community, and 51 participants actually represents 3.5% of the population. Statistical analyses were performed using appropriate multivariate methods. To enhance reliability, data normalization, quality control filtering, and multiple testing corrections such as false discovery rate were also applied. For PLS-DA and VIP score analyses, model quality was assessed using Q2 values, calculated via cross-validation (CV) with thresholds above 0.5 indicating good predictive performance and model validity. Future studies involving larger cohorts and longitudinal sampling are obviously necessary to confirm these results and support their broader applicability. Power analysis for our exploratory study shows that significance of α = 0.10 could be achieved with a power of β = 0.72 for a 1.75-fold difference, which was observed for 16 compounds among those living within 5 km of the facility and 2 compounds for those living at least 5 km away. Second, due to challenges of conducting the research in a rural community (older population, low educational attainment), first-void urine samples were not collected. It is not expected that bias in the sample collection method was systematic [71]. Third, self-selection bias may have resulted in a less healthy population, especially near the TT facility, because sick participants may have been more willing to tell their stories. This error could have the potential to introduce systematic bias [72] into the results if the health of those living closer to the facility was different from those living farther away and associated with their exposure. Additionally, integrating other omics approaches, such as transcriptomics and proteomics, could provide a more comprehensive understanding of the biological impacts of environmental exposure.
CONCLUSION
The metabolomic analysis of urine samples from the Colfax community members near the thermal treatment facility provides critical insights into potential environmental exposures and their impact on human health. With metabolomic profiling we found strong evidence of significant metabolic alterations in individuals residing closer to the thermal treatment facility compared to those living further away. The observed shifts in metabolite abundances and pathway perturbations, particularly in energy metabolism, oxidative stress pathways, and nucleotide and amino acid metabolism, suggest potential adverse health impacts associated with exposure to emissions from the facility. These findings highlight the importance of further investigation into the long-term health implications of these metabolic changes and the need for continued monitoring of the environmental and health impacts of the TT facility.
AUTHOR CONTRIBUTIONS
AK analyzed the data. AK, CG, QS, and CC wrote the manuscript. QS and CC performed the experiments and analyzed the data. SC, JR-B, and SC reviewed and edited the manuscript. SC conceived and designed the experiments. All authors contributed to the article and approved the submitted version.
DATA AVAILABILITY
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
ETHICS STATEMENT
The studies involving humans were approved by North Carolina State University IRB. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.
FUNDING
The author(s) declare that no financial support was received for the research and/or publication of this article.
CONFLICT OF INTEREST
The author(s) declared no potential conflicts of interest with respect to the research, authorship, and/or publication of this article.
GENERATIVE AI STATEMENT
The author(s) declare that no Generative AI was used in the creation of this manuscript.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.ebm-journal.org/articles/10.3389/ebm.2025.10655/full#supplementary-material
REFERENCES
	U.S. Census Bureau. S0601: selected characteristics of the total and native populations in the United States. 5-year Am Community Surv Colfax town, La (2023). Available online at: https://data.census.gov/table/ACSST5Y2023.S0601?q=colfax,%20la (Accessed December 27, 2024). 

	U.S. Census Bureau. S0601: selected characteristics of the total and native populations in the United States. 2023 5-year American Community Survey, Grant Parish, Louisiana (2025). Available online at: https://data.census.gov/table/ACSST5Y2023.S0601?q=grant+parish+la (Accessed March 26, 2025). 

	Louisiana Department of Environmental Quality (LDEQ). Hazardous waste permit application R&D, 1 (2024). Available online at: https://edms.deq.louisiana.gov/app/doc/view?doc=673338 (Accessed July 1, 2024). 

	Richmond-Bryant, J, Odera, M, Subra, W, Vallee, B, Tucker, C, Oliver, C, et al. A community-integrated geographic information system study of air pollution exposure impacts in Colfax, LA. Local Environ (2022) 27:728–46. doi:10.1080/13549839.2022.2075840

	U.S. EPA. Supplement to the 2019 integrated science assessment for particulate matter. Final Report (2022). United states environmental protection agency. EPA/635/R-22/028, 2022. 

	Pelucchi, C, Negri, E, Gallus, S, Boffetta, P, Tramacere, I, and La Vecchia, C. Long-term particulate matter exposure and mortality: a review of European epidemiological studies. BMC Public Health (2009) 9:453. doi:10.1186/1471-2458-9-453

	Hogervorst, JGF, de Kok, TMCM, Briedé, JJ, Wesseling, G, Kleinjans, JCS, and van Schayck, CP. Relationship between radical generation by urban ambient particulate matter and pulmonary function of school children. J Toxicol Environ Health A (2006) 69:245–62. doi:10.1080/15287390500227431

	Saravia, J, Lee, GI, Lomnicki, S, Dellinger, B, and Cormier, SA. Particulate matter containing environmentally persistent free radicals and adverse infant respiratory health effects: a review. J Biochem Mol Toxicol (2013) 27:56–68. doi:10.1002/jbt.21465

	Harmon, AC, Noël, A, Subramanian, B, Perveen, Z, Jennings, MH, Chen, Y-F, et al. Inhalation of particulate matter containing free radicals leads to decreased vascular responsiveness associated with an altered pulmonary function. Am J Physiology-Heart Circulatory Physiol (2021) 321:H667–H683. doi:10.1152/ajpheart.00725.2020

	Mahne, S, Chuang, GC, Pankey, E, Kiruri, L, Kadowitz, PJ, Dellinger, B, et al. Environmentally persistent free radicals decrease cardiac function and increase pulmonary artery pressure. Am J Physiology-Heart Circulatory Physiol (2012) 303:H1135–H1142. doi:10.1152/ajpheart.00545.2012

	Wang, Y, Yao, K, Fu, X, Zhai, X, Jin, L, and Guo, H. Size-resolved exposure risk and subsequent role of environmentally persistent free radicals (EPFRs) from atmospheric particles. Atmos Environ (2022) 276:119059. doi:10.1016/j.atmosenv.2022.119059

	Aryal, A, Noël, A, Khachatryan, L, Cormier, SA, Chowdhury, PH, Penn, A, et al. Environmentally persistent free radicals: methods for combustion generation, whole-body inhalation and assessing cardiopulmonary consequences. Environ Pollut (2023) 334:122183. doi:10.1016/j.envpol.2023.122183

	Zhang, Z, Zhou, M, He, J, Shi, T, Zhang, S, Tang, N, et al. Polychlorinated dibenzo-dioxins and polychlorinated dibenzo-furans exposure and altered lung function: the mediating role of oxidative stress. Environ Int (2020) 137:105521. doi:10.1016/j.envint.2020.105521

	Bertazzi, PA, Consonni, D, Bachetti, S, Rubagotti, M, Baccarelli, A, Zocchetti, C, et al. Health effects of dioxin exposure: a 20-year mortality study. Am J Epidemiol (2001) 153:1031–44. doi:10.1093/aje/153.11.1031

	McLean, J, Anderson, D, Capra, G, and Riley, CA. The potential effects of burn pit exposure on the respiratory tract: a systematic review. Mil Med (2021) 186:672–81. doi:10.1093/milmed/usab070

	Liu, J, Lezama, N, Gasper, J, Kawata, J, Morley, S, Helmer, D, et al. Burn pit emissions exposure and respiratory and cardiovascular conditions among airborne hazards and open burn pit registry participants. J Occup & Environ Med (2016) 58:e249–e255. doi:10.1097/jom.0000000000000776

	Bedia, C. Metabolomics in environmental toxicology: applications and challenges. Trends Environ Anal Chem (2022) 34:e00161. doi:10.1016/j.teac.2022.e00161

	Deng, P, Li, X, Petriello, MC, Wang, C, Morris, AJ, and Hennig, B. Application of metabolomics to characterize environmental pollutant toxicity and disease risks. Rev Environ Health (2019) 34:251–9. doi:10.1515/reveh-2019-0030

	Richmond-Bryant, J, Odera, M, Subra, W, Vallee, B, Rivers III, L, Kelley, B, et al. Oral histories document community mobilisation to participate in decision-making regarding a hazardous waste thermal treatment facility. Local Environ (2024) 29:57–73. doi:10.1080/13549839.2023.2249498

	Gonzalez-Covarrubias, V, Martínez-Martínez, E, and del Bosque-Plata, L. The potential of metabolomics in biomedical applications. Metabolites (2025) 12. doi:10.3390/metabo12020194

	Wishart, DS. Metabolomics for investigating physiological and pathophysiological processes. Physiol Rev (2019) 99:1819–75. doi:10.1152/physrev.00035.2018

	Johnson, CH, Ivanisevic, J, and Siuzdak, G. Metabolomics: beyond biomarkers and towards mechanisms. Nat Rev Mol Cell Biol (2016) 17:451–9. doi:10.1038/nrm.2016.25

	Johnson, CH, Patterson, AD, Idle, JR, and Gonzalez, FJ. Xenobiotic metabolomics: major impact on the metabolome. Annu Rev Pharmacol Toxicol (2012) 52:37–56. doi:10.1146/annurev-pharmtox-010611-134748

	Xue, C, Yang, B, Fu, L, Hou, H, Qiang, J, Zhou, C, et al. Urine biomarkers can outperform serum biomarkers in certain diseases. URINE (2023) 5:57–64. doi:10.1016/j.urine.2023.10.001

	Chen, C, Li, H, Niu, Y, Liu, C, Lin, Z, Cai, J, et al. Impact of short-term exposure to fine particulate matter air pollution on urinary metabolome: a randomized, double-blind, crossover trial. Environ Int (2019) 130:104878. doi:10.1016/j.envint.2019.05.072

	Li, G, Duan, Y, Wang, Y, Bian, L, Xiong, M, Song, W, et al. Potential urinary biomarkers in young adults with short-term exposure to particulate matter and bioaerosols identified using an unbiased metabolomic approach. Environ Pollut (2022) 305:119308. doi:10.1016/j.envpol.2022.119308

	Guo, C, Mathieu-Campbell, ME, Blanchard, T, Khachatryan, L, Yu, Q, Al-Mamun, MA, et al. Persistent chemicals in particulate matter (PM) near a hazardous waste thermal treatment facility. preparation (2025). 

	Brender, JD, Maantay, JA, and Chakraborty, J. Residential proximity to environmental hazards and adverse health outcomes. Am J Public Health (2011) 101:S37–S52. doi:10.2105/ajph.2011.300183

	Oyinloye, MA. Environmental pollution and health risks of residents living near ewekoro cement factory, 9. Nigeria: Ewekoro (2025). 

	Rabinowitz, JD, and Kimball, E. Acidic acetonitrile for cellular metabolome extraction from Escherichia coli. Anal Chem (2007) 79:6167–73. doi:10.1021/ac070470c

	Lu, W, Clasquin, MF, Melamud, E, Amador-Noguez, D, Caudy, AA, and Rabinowitz, JD. Metabolomic analysis via reversed-phase ion-pairing liquid chromatography coupled to a stand alone Orbitrap mass spectrometer. Anal Chem (2010) 82:3212–21. doi:10.1021/ac902837x

	Bazurto, JV, Dearth, SP, Tague, ED, Campagna, SR, and Downs, DM. Untargeted metabolomics confirms and extends the understanding of the impact of aminoimidazole carboxamide ribotide (AICAR) in the metabolic network of Salmonella enterica. Microb Cell (2018) 5:74–87. doi:10.15698/mic2018.02.613

	Melamud, E, Vastag, L, and Rabinowitz, JD. Metabolomic analysis and visualization engine for LC−MS data. Anal Chem (2010) 82:9818–26. doi:10.1021/ac1021166

	Clasquin, MF, Melamud, E, and Rabinowitz, JD. LC-MS data processing with MAVEN: a metabolomic analysis and visualization engine. Curr Protoc Bioinformatics (2012) Chapter 14:Unit14.11–4.11.23. doi:10.1002/0471250953.bi1411s37

	Mahmud, I, Wei, B, Veillon, L, Tan, L, Martinez, S, Tran, B, et al. Ion suppression correction and normalization for non-targeted metabolomics. Nat Commun (2025) 16:1347. doi:10.1038/s41467-025-56646-8

	Nam, SL, de la Mata, AP, Dias, RP, and Harynuk, JJ. Towards standardization of data normalization strategies to improve urinary metabolomics studies by GC×GC-TOFMS. Metabolites (2020) 10:376. doi:10.3390/metabo10090376

	Zaparte, A, Christopher, CJ, Arnold, C, Richey, L, Castille, A, Mistretta, K, et al. Effects of E-cigarettes on the lung and systemic metabolome in people with HIV. Metabolites (2024) 14:434. doi:10.3390/metabo14080434

	Blake, TL, Sly, PD, Andersen, I, Wainwright, CE, Reid, DW, Bell, SC, et al. Changes in urinary glutathione sulfonamide (GSA) levels between admission and discharge of patients with cystic fibrosis. J Cystic Fibrosis (2024) 23:1163–6. doi:10.1016/j.jcf.2024.04.009

	Odera, M, Kelley, B, Rivers, L, Wilson, A, Tran, J, Patel, K, et al. A community-engaged oral history study as a tool for understanding environmental justice aspects of human exposures to hazardous waste thermal treatment emissions in Colfax, LA. Environ Justice (2023) 0003. 

	Negri, E, Bravi, F, Catalani, S, Guercio, V, Metruccio, F, Moretto, A, et al. Health effects of living near an incinerator: a systematic review of epidemiological studies, with focus on last generation plants. Environ Res (2020) 184:109305. doi:10.1016/j.envres.2020.109305

	Parkes, B, Hansell, AL, Ghosh, RE, Douglas, P, Fecht, D, Wellesley, D, et al. Risk of congenital anomalies near municipal waste incinerators in England and Scotland: retrospective population-based cohort study. Environ Int (2020) 134:104845. doi:10.1016/j.envint.2019.05.039

	Mohan, AK, Degnan, D, Feigley, CE, Shy, CM, Hornung, CA, Mustafa, T, et al. Comparison of respiratory symptoms among community residents near waste disposal incinerators. Int J Environ Health Res (2000) 10:63–75. doi:10.1080/09603120073018

	Mattiello, A, Chiodini, P, Bianco, E, Forgione, N, Flammia, I, Gallo, C, et al. Health effects associated with the disposal of solid waste in landfills and incinerators in populations living in surrounding areas: a systematic review. Int J Public Health (2013) 58:725–35. doi:10.1007/s00038-013-0496-8

	Comba, P, Ascoli, V, Belli, S, Benedetti, M, Gatti, L, Ricci, P, et al. Risk of soft tissue sarcomas and residence in the neighbourhood of an incinerator of industrial wastes. Occup Environ Med (2003) 60:680–3. doi:10.1136/oem.60.9.680

	Ashworth, DC, Elliott, P, and Toledano, MB. Waste incineration and adverse birth and neonatal outcomes: a systematic review. Environ Int (2014) 69:120–32. doi:10.1016/j.envint.2014.04.003

	Ahmad, F, Cherukuri, MK, and Choyke, PL. Metabolic reprogramming in prostate cancer. Br J Cancer (2021) 125:1185–96. doi:10.1038/s41416-021-01435-5

	Liu, H, Wang, S, Wang, J, Guo, X, Song, Y, Fu, K, et al. Energy metabolism in health and diseases. Sig Transduct Target Ther (2025) 10:69–71. doi:10.1038/s41392-025-02141-x

	Yusa, V, Ye, X, and Calafat, AM. Methods for the determination of biomarkers of exposure to emerging pollutants in human specimens. Trac Trends Anal Chem (2012) 38:129–42. doi:10.1016/j.trac.2012.05.004

	Liao, J, Goodrich, J, Walker, DI, Lin, Y, Lurmann, F, Qiu, C, et al. Metabolic pathways altered by air pollutant exposure in association with lipid profiles in young adults. Environ Pollut (2023) 327:121522. doi:10.1016/j.envpol.2023.121522

	Mann, JK, Lutzker, L, Holm, SM, Margolis, HG, Neophytou, AM, Eisen, EA, et al. Traffic-related air pollution is associated with glucose dysregulation, blood pressure, and oxidative stress in children. Environ Res (2021) 195:110870. doi:10.1016/j.envres.2021.110870

	Kurutas, EB. The importance of antioxidants which play the role in cellular response against oxidative/nitrosative stress: current state. Nutr J (2016) 15:71. doi:10.1186/s12937-016-0186-5

	Uboveja, A, and Aird, KM. Interplay between altered metabolism and DNA damage and repair in ovarian cancer. BioEssays (2024) 46:2300166. doi:10.1002/bies.202300166

	Mullen, NJ, and Singh, PK. Nucleotide metabolism: a pan-cancer metabolic dependency. Nat Rev Cancer (2023) 23:275–94. doi:10.1038/s41568-023-00557-7

	Kumar, A, Palfrey, HA, Pathak, R, Kadowitz, PJ, Gettys, TW, and Murthy, SN. The metabolism and significance of homocysteine in nutrition and health. Nutr Metab (Lond) (2017) 14:78. doi:10.1186/s12986-017-0233-z

	Amelio, I, Cutruzzolá, F, Antonov, A, Agostini, M, and Melino, G. Serine and glycine metabolism in cancer. Trends Biochem Sci (2014) 39:191–8. doi:10.1016/j.tibs.2014.02.004

	Rodríguez, T, Alvarez, B, Busquets, S, Carbó, N, López-Soriano, FJ, and Argilés, JM. The increased skeletal muscle protein turnover of the streptozotocin diabetic rat is associated with high concentrations of branched-chain amino acids. Biochem Mol Med (1997) 61:87–94. doi:10.1006/bmme.1997.2585

	Borghi, L, Lugari, R, Montanari, A, Dall’Argine, P, Elia, GF, Nicolotti, V, et al. Plasma and skeletal muscle free amino acids in type I, insulin-treated diabetic subjects. Diabetes (1985) 34:812–5. doi:10.2337/diab.34.8.812

	Holeček, M. Why are branched-chain amino acids increased in starvation and diabetes?Nutrients (2020) 12:3087. doi:10.3390/nu12103087

	Wang, Z, Gao, S, Xie, J, and Li, R. Identification of multiple dysregulated metabolic pathways by GC-MS-based profiling of lung tissue in mice with PM2.5-induced asthma. Chemosphere (2019) 220:1–10. doi:10.1016/j.chemosphere.2018.12.092

	Smith, MR, Jarrell, ZR, Orr, M, Liu, KH, Go, Y-M, and Jones, DP. Metabolome-wide association study of flavorant vanillin exposure in bronchial epithelial cells reveals disease-related perturbations in metabolism. Environ Int (2021) 147:106323. doi:10.1016/j.envint.2020.106323

	Xue, C, Li, G, Zheng, Q, Gu, X, Shi, Q, Su, Y, et al. Tryptophan metabolism in health and disease. Cell Metab (2023) 35:1304–26. doi:10.1016/j.cmet.2023.06.004

	Genestet, C, Le Gouellec, A, Chaker, H, Polack, B, Guery, B, Toussaint, B, et al. Scavenging of reactive oxygen species by tryptophan metabolites helps Pseudomonas aeruginosa escape neutrophil killing. Free Radic Biol Med (2014) 73:400–10. doi:10.1016/j.freeradbiomed.2014.06.003

	Christen, S, Peterhans, E, and Stocker, R. Antioxidant activities of some tryptophan metabolites: possible implication for inflammatory diseases. Proc Natl Acad Sci U S A (1990) 87:2506–10. doi:10.1073/pnas.87.7.2506

	Tanguay, RM, Jorquera, R, Poudrier, J, and St-Louis, M. Tyrosine and its catabolites: from disease to cancer. Acta Biochim Pol (1996) 43:209–16. doi:10.18388/abp.1996_4530

	Bélanger, R, Chandramohan, N, Misbin, R, and Rivlin, RS. Tyrosine and glutamic acid in plasma and urine of patients with altered thyroid function. Metabolism (1972) 21:855–65. doi:10.1016/0026-0495(72)90009-1

	Lassoued, S, Mseddi, M, Mnif, F, Abid, M, Guermazi, F, Masmoudi, H, et al. A comparative study of the oxidative profile in graves’ disease, hashimoto’s thyroiditis, and papillary thyroid cancer. Biol Trace Elem Res (2010) 138:107–15. doi:10.1007/s12011-010-8625-1

	Cerielo, A, Motz, E, Cavarape, A, Lizzio, S, Russo, A, Quatraro, A, et al. Hyperglycemia counterbalances the antihypertensive effect of glutathione in diabetic patients: evidence linking hypertension and glycemia through the oxidative stress in diabetes Mellitus. J Diabetes its Complications (1997) 11:250–5. doi:10.1016/s1056-8727(97)00021-4

	Burke, WJ. The progression of Parkinson disease: a hypothesis. Neurology (2007) 69:710–1. doi:10.1212/01.wnl.0000285430.23876.c5

	Liu, H, Wang, H, Shenvi, S, Hagen, TM, and Liu, R-M. Glutathione metabolism during aging and in Alzheimer disease. Ann New York Acad Sci (2004) 1019:346–9. doi:10.1196/annals.1297.059

	Li, K, Deng, Z, Lei, C, Ding, X, Li, J, and Wang, C. The role of oxidative stress in tumorigenesis and progression. Cells (2024) 13:441. doi:10.3390/cells13050441

	Ginsberg, JM, Chang, BS, Matarese, RA, and Garella, S. Use of single voided urine samples to estimate quantitative proteinuria. N Engl J Med (1983) 309:1543–6. doi:10.1056/nejm198312223092503

	Heckman, JJ. Selection bias and self-selection. In: The new palgrave dictionary of economics . London: Palgrave Macmillan (2025). p. 1–18. 


Copyright © 2025 Kumar, Guo, Sarumi, Courtney, Campagna, Richmond-Bryant and Cormier. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/ebm-250-10655-g004.jpg
-logso(p-value)

-logso(p-value)

~

Crealiﬁe

UDP-qu&ose

H Glycerone phosphate
D-Glyceraldehdye 3-phosphate
1- Methyhistid*m y

droxyphenylacetate

alpha-Ketoglutarate

alate @hydroxylysine
gHPS

Guanidoacdilc aﬁb
N-Acetylglucosamine 1/6- pho@hde
M®); Cystine
] o OC (0]
I'acia(e C 6 0
L

'
'
'
'
1

]

o1
'
'

Log,(FC)

-logsq(p-value)

N

@2-Isopropylmalate

Abscisate

[
:
:
:
i
'
'
'
'
'
'
‘
‘
:
:
:
E
'
'
'
'
:

4
:
'
'
'
1
[
E
'
'

1
2-0xpisov3erate

Lacta®®
CM’ actate

Adenln&éﬁam'ne

cpp$ Cysuae Flcylate

hydroxy ysine

sUMg‘ Pyruval
nttfin 9. Sucralose

allhe ©_Omithine
: Hw phenylpyruvate
%‘ Orotate UDP-glucose

00

Log,(FC)

*\mllm

Hydroxwhenylacetale

hydroxybutyrate2:Qxgisoval ierate Pyruvate
homocitrulline———g) otate, Histidinol
' Xanthine Cysun.e ysine

Guanc"smg.. ysteine

: © © Ycwmp
hydroxylysine
H‘stamine

(9}
Sucralose

DHPS
Lactate

(¢}
"""""""" Og wglucose'sisrn"""""""""""
o o)

o § %ol
°qlo

Less than 5 Km

Log,(FC)

Hydroxylsoc%rou: acid

1
1
L
)
1
1
1
1
)
1
)
1
1
1
1
1
1
1
]
1
1
]
1
1
'
L
' r
1
' 1-Methylhisadji @
H ceraldehdye 3-phosphate
! <5 /5 QY
i
]
)
1
1
1
L
1
L}
1
)
1
1
1
]
1

FoldChange

FoldChange

FoldChange

2

1

0
1





OPS/images/ebm-250-10655-g005.jpg
Trehalose 6-phosphate

N-Acetylornithine

D-Glyceraldehdye 3-phosphate Pyroglutamic acid Sex
Pikatropin GMP
Guanidoacetic acid Succinate/Methyimalonate
3-Phosphoglycerate I1S-orotate-15N2
Asparagine Phosphoenolpyruvate
homocarnosine Glutathione sulfonamide
dTDP Glutamate 4
27
(17.8%)
Homocitruline  ynurenine ’F\’llllcf:;; e ————
\|-/|am"m thi Phenylalanine 2-Dehydro-D-gluconate
ypoxanthiné - \_carbamoyl-L-aspartate Histidine
Deg_xylnosme Nicotinate " .
Uridine xylose S—RlbqsyI-L—homocystelne
Cholate Dipicolinate IXE;'"E
i Hydroxybenzoate Homoserine/Threonine
Indolg Oxaloacetate . Di
Uracil . Glutamine istance
Gluconolactone - -nosphoserine Kynurenic acid
Tryptophan 2-Aminoadipate Pantothenate
B. Ascorbate and aldarate metabolism
Glyoxylate and dicarboxylate metabolism
Pantothenate and CoA biosynthesis
Phenylalanine metabolism
Starch and sucrose metabolism
Taurine and hypotaurine metabolism
" Glutathione metabolism
>
g Alanine, aspartate and glutamate metabolism
£ .
= Butanoate metabolism
o .
o Citrate cycle (TCA cycle)
2 Glycolysis / Gluconeogenesis
1] .. . .
- Arginine and proline metabolism
=

Glycine, serine and threonine metabolism
Purine metabolism

Valine, leucine and isoleucine biosynthesis
Cysteine and methionine metabolism

Phenylalanine, tyrosine and tryptophan biosynthesis

Pyrimidine metabolism
Arginine biosynthesis

mDISTANCE mRACE mSEX

Race

2\

\>

2-Isopropylmalate
phosphothreonine
trans_trans-Farnesyl diphosphate
Phenyllactic acid

NADH

Sulfolactate

dTMP

Biotin

Sedoheptulose 1/7-phosphate
Folate

Carnitine

Adenine

Abscisate

N-Acetylglutamine
Ophthalmate
Trehalose/Sucrose
L-Argininosuccinate
Hydroxyproline
Riboflavin
Aspartate

Taurine
AMP/dGMP
Glycolate
7-Methylguanosine
Norepinephrine
Pyridoxine

UDP-glucose

Creatine

UMP

alpha-Ketoglutarate
Adenosine 5'-phosphosulfate
Glutathione

CMP

Malate
hydroxylysine
Histidinol
Cystine
Cysteine
Ornithine

Glucose phosphate

2 3 &
-log 4, (FDR)

Lysine
N-Acetylglutamate
Cytosine
Hydroxyphenylpyruvate
AICA-riboside
2-Oxoisovalerate
Lactate
Acetyllysine
Citrulline
Taurodeoxycholate
Inosine
Dihydroorotate
Cystathionine






OPS/images/ebm-250-10655-g002.jpg
Component 2 (7.4 %)

Component 2 (7.8 %)

Based on sex

Based on distance

Less than

Greater
than 5 Km

Component 1 (26.1 %)

Component 2 (17.2 %)

Based on race

-5 0

Component 1 (24.3

5
%)






OPS/images/ebm-250-10655-g003.jpg
A.

UDP-glucose

Creatine

Xanthosine 5'-phosphate
UDP-N-acetylglucosamine
UMP

alpha-Ketoglutarate
Trehalose 6-phosphate
Adenosine 5'-phosphate
Glutathione

CMP
Hydroxyphenylacetate
N-Acetylglucosamine phosphate
Malate

Hydroxylysine

IDP

C.

Sucralose

Histidinol

IMP

CMP
Hydroxyphenylacetate
Cytosine

Orotate

Cystine

Lysine

Xanthosine 5'-phosphate
Cysteine
Hydroxylysine
Homocitrulline
Adenosine

Glucose phosphate

Based on sex

® @ o o

T r T T T 1 T T
18 20 22 24 26 28 3.0 3.2

VIP scores

Based on distance

15 2.0 25 3.0

VIP scores

L ]
I B B B WGreat than 5 Km

H B B Female
B W Male

High

Low

High

I B B B Elessthan5Km

Low

bB.

Sucralose

CDP
2-Isopropylmalate
CMP

Histidinol

UDP
Hydroxylysine
Phosphothronine
Histamine

Lactate

Salicylate
trans-Farnesyl diphosphate
Phenyllactic acid
3-Hydroxyisovalerate
Guanosine

Based on race

T T T T
18 20 2.2 24

VIP scores

26

28

High

Low





OPS/images/ebm-250-10655-g008.jpg
A. Vanillin
6000000 %%k %k
1 3 Lesserthan5km
=3 Greater than 5 km
g 4000000
©
x
<
[}
o. 2000000

0
Sample group based on distance

C. Tryptophan
*
2000000 I I
E3 Lesser than 5 km
1500000 B3 Greater than 5 km
[5:
g
~ 1000000
©
[-}]
o
500000

0
Sample group based on distance

E. Methionine
*
200000
E3 Lesser than 5 km
150000 B3 Greater than 5 km
o
=
~ 100000
©
[«]
o
50000

0
Sample group based on distance

B. Leucine/lsoleucine

3000000 *
B3 Lesserthan 5 km
=3 Greater than 5 km
©
8 2000000
©
4
i
a. 1000000
0
Sample group based on distance
D. Kynurenic acid
1500000 |—|:|=
E3 Lesser than 5 km
= Greater than 5 km
< 1000000
g
©
k4
©
Q
o 500000
0
Sample group based on distance
F.  Homocysteic acid
25000 * B3 Lesser than 5k
— esser than 5 km
20000 E3 Greater than 5 km
©
£ 15000
©
-
@ 10000
o

Sample group based on distance





OPS/images/ebm-250-10655-g006.jpg
A.

Arginine metabolism & biosynthesis

Arginine Phenylpyruvate

I

L-phenylalanine ————————— L-tyrosine

Guanidinoacetate
N-acetyl citrulline
L-Ornithine Creatine

Carbamoyl
phosphate

L-Glutamine ——»

Aspartate

N-acetyl-L-
—_—

a-ketoglutarate — L-Glutamate glutamate

B.
Glycine, serine and threonine metabolism

Choline O-Phospho-L-Serine

D-Glycerate

L-Serine
Betaine

Phospho-D-
Glycerate

Pyruvate Glycine

/ L-Cystathionine

Glyoxylate

N,N-
dimethyl
glycine

Hydroxypyruvate

L-Cysteine Threonine

Guanidinoacetate l

Sarcosine 2-oxobutanoate

Creatine

C.

Glycolysis or gluconeogenesis Pentose phosphate pathway

D-Fructose 1,6-biphosphate D-Glucose 1-phosphate

/

Glyceraldehyde
3-phosphate

D-Glucose 6-phosphate

D-Fructose 6-phosphate

Glycerone

phosphate Glyceraldehyde 3-phosphate

2,3-bisphospho

D-glycerate \

2-Phospho D- 1
glycerate

Lactate Ribose 5-phosphate

D-Ribulose 5-phosphate

Oxaloacetate——— Phosphoenolpyruvate = Pyruvate

Pyrimidine metabolism

Orotic acid/orotate = Uf/IP — Uridine — Uracil

Dihydro-orotate UDP

1l

uTP cMP

l 1l

cTP cop

Cyt'rine Dihyd[o-uracil

Aspartate dTMP

N-Carbamoyl-L-aspartate Thymidine

Thymine

Carbamoyl phosphate «—— L-Glutamine

Primary bile acid biosynthesis

3-Sulfino-L-alanine <—— L-Cysteine

Cysteaw‘ /
Hypotaurine

e
Taurine
\ Choloyl CoA
~

Taurocholate

Cholesterol
L-Cysteate

Cholic acid
Glycine

~

Glycocholate

Ny
—

5-L-Glutamyl taurine

Phenylalanine, tyrosine and tryptophan biosynthesis

3-(4-hydroxyphenyl)pyruvate

Cysteine & methionine metabolism

Acetyl CoA l

Alanine, aspartate and glutamate metabolism

L-Alanine

I

L-asparagine
Carbamoyl
Pyruvate aspartate
Oxaloacetate
L-Arginosuccinate
Carbamoyl! o
aspartate (Cltrullme

Urea cycle Arginine

N-acetyl-

R .
ornithine Dinithine

Glutathione metabolism

L-Serine Glycine

L-Methionine

L -Cystathionine Glutathione

“

L-Glutamate

<

L-Cysteine

L- Homocysteme

Glutathione disulfide

Pyruvate

TCA cycle Glyoxylate and dicarboxylate metabolism

/

Oxaloacetate

2-Phosphoglycolate

/

Glycolate

Pyruvate

4-hydroxy-a-
ketoglutarate

Serine
Glyoxylate

Citrate l Pyruvate

l Hydrox .
Cis-aconitate p;lruvati GIyIme

l l

Isocitrate D-Glycerate

l |

a-ketoglutarate 2-Phospho
D-Glycerate

Ammonia

Tyrosine metabolism

L- Tyrosme

A L ty% Tyramine

3,4-dihydroxy L-phenylalanine

O\

3-(4-hydroxyphenyl)pyruvate

3.5-Dllodo L-tyrosine

D°palmi"e Dopaquinone / \

Triiodothyronine

\ Thyroxine
3,4-dihydroxyphenylacetate

4-Fumarylacetoacetate
l 3-Fumarylpyruvate

Homovanillate Acetoacetate

Fumarate

Pyruvate





OPS/images/ebm-250-10655-g007.jpg
A. GSA
P =0.1644
50000 —
E1 Female

40000 =1 Male
©
£ 30000
®
X
3 20000
o

10000

Sample group based on sex

C. GSA
P =0.1540
60000  —

E3 Greater than 5 km
= Lesser than 5 km

@ 40000

@

X

(3]

@

a. 20000

0
Sample group based on distance

E.  GsHiGssG
20
P =0.1046 B3 Black
0o I ] = White
= 15
[v'4
2
b7 10
o
% 5
(U]

0
Sample group based on race

B. GSA
P =0.2589
50000 [ 1
=1 Black
40000 = White
©
2 30000
©
K4
S 20000
o
10000
Sample group based on race
D.
GSH/GSSG
20
P=00208 = female
15 I 1 = male

-
(=]

GSH/GSSG Ratio
o

0
Sample group based on sex

F.

GSH/GSSG
207 p=0.1483
= E1 Greater than 5 km
] E3 Lesser than 5 km
- 15
14
?
b7 10
Q
@ s
(L]

0
Sample group based on distance





OPS/xhtml/nav.xhtml
Table of Contents

		Cover

		Proximity to a hazardous waste thermal treatment facility alters human physiology: a community-driven pilot study		IMPACT STATEMENT

		INTRODUCTION

		MATERIALS AND METHODS		Subject recruitment and sample collection

		Sample analyses		Metabolomics method		Sample preparation and extraction

		UHPLC-HRMS analysis

		Data analysis













		RESULTS

		DISCUSSION		Limitations of the study





		CONCLUSION

		AUTHOR CONTRIBUTIONS

		DATA AVAILABILITY

		ETHICS STATEMENT

		FUNDING

		CONFLICT OF INTEREST

		GENERATIVE AI STATEMENT

		SUPPLEMENTARY MATERIAL

		REFERENCES









OPS/images/cover.jpg
Proximity to a hazardous waste
thermal treatment facility alters
human physiology: a
community-driven pilot study





OPS/images/ebm-250-10655-g009.jpg
Environmental Urinary
Exposure Metabolomics

}

Proximity to TT Facility Metabolic Disruptions

r o
- k[(i\EYo
GSA

PLS-DA1





OPS/images/ebm-250-10655-g001.jpg
Il Vitamins

Bl Others

[ Neurotransmitter

[ Amino acid metabolism

[ Pentose phosphate

Bl Nucleoside, nucleotide and analogues
Il Lipidand li
I Glycolysis and gluconeogenesis

-likemolecules

[J Carbohydrates and conjugates
Il Bile acids and bile salts
1 TCAcycle

[ Amino acid; amino acid
derivatives and precursor

Pyridoxine
Pyridoxamine

Nicotinate

Ascorbate

4-Pyridoxate
Pantothenate

5-| Melhyuelrahydrololale
Biotin

Riboflavin

Folate

Vanillin

Homovanillic acid (HVA)
3-Methylphenylacetic acid
Hydroxyphenylpyruvate
Pyrophospha\e

Uracxl

Uric acid

Allantoin

Thiamine phosphate
Nicotinamide
Indole-3-carboxylate
Dipicolinate

glutaric acid
tricarballylic acid
hydroxybutyrate
homocitrulline

Glycolate

Acetoacetate

Pikatropin

Octulose bisphosphate
Octulose 8/1 Phosphate
phosphorylethanolamine

Norepinephrine
4-Aminobutyrate (GABA)
Dopamine

Acetylphosphate
2-Oxoisovalerate
1-Methylhistidine
Salicylate
Hydroxybenzoate (methylparaben)
Phenylpyruvate
Hydroxyphenylacetate
Phenyllactic acid
Kynurenic acid

Indole

Xanthurenic acid
Kynurenine
N-Carbamoyl-L-aspartate
Cystathionine
Sulfolactate

Prephenate
N-Acetylputrescine
homocarnosine
Creatinine

oy

§
B

Sedoheptulose 1/7-phosphate
Ribose phosphate
D-Gluconate

Deoxyribose phosphate
6-Phospho-D-gluconate
Glycerate

Gluconolactone
2-Dehydro-D-gluconate

copP
AICA-riboside
Cytosine
Xanthine
Thymine
Purine
Orotate
Hypoxanthine
Guanine
Adenine
7-Methylguanosine

Aminoimidazole ribotide (AIR)
AMP/dGMP
UDP-N-acetylglucosamine
S-Adenosyl-L-homocysteine
NAD+

IMP

GMP

CMP

AICAR

ADP

FMN

cAMP

Xanthosine 5-phosphate
Xanthosine

Uridine

UMP

Adenosine 5*-phosphosulfate
UDP-glucose

ubP

Thymidine
S-Methyl-5'-thioadenosine
NADH

Inosine

Adenosine

IDP

Guanosine

dUMP

dTMP

1-Methyladenosine

TDP

Deoxyinosine
deoxycytidine

dAMP

Cytidine
CDP-ethanolamine
Deoxyuridine

Cysteine

Carbamoyl phosphate
Arginine
aminoisobutyric acid
Tryptophan
5-methoxytryptophan
S-Ribosyl-L-homocysteine
Shikimate

Histidinol

Histamine

Allantoate

Serine
N-Acetylglutamate
Leucine/Isoleucine
Dihydroorotate
Cysteate

Creatine

Citrulline
Asparagine
Alanine/Sarcosine
Acetyllysine
Valine/betaine
Tyrosine

Proline
Phenylalanine
Ornithine
O-Acetyl-L-serine
Methionine sulfoxide
Lysine
Hydroxyproline
Homocysteine

Abscisate
3-Methylthiopropionate
3-Hydroxyisovalerate
2-Oxo-4-methylthiobutanoate
Cholesterol sulfate

Geranyl diphosphate
2-Isopropylmalate

pimelic acid

methyl glutaric acid
Hydroxyisocaproic acid
Citraconate

Camitine
2-Hydroxy-2-methylsuccinate

D-Glyceraldehdye 3-phosphate
3-Phosphoglycerate

Lactate

Pyruvate
Phosphoenolpyruvate
Oxaloacetate

Glycerone phosphate
sn-Glycerol 3-phosphate

Sucralose

N-Acetylglucosamine 1/6-phosphate
N-Acetylglucosamine

myo-Inositol

Glucose phosphate

Glucosamine

Cellobiose Cystine

xylose Aspartate

Xylitol Pyroglutamic acid
Trehalose/Sucrose phosphothreonine

Ophthalmate
N-Acetylornithine
N-Acetylglutamine
N-Acetyl-beta-alanine
Methionine

Trehalose 6-phosphate
D-Glucarate

$5-Hydroxyindoleacetic acid (5-HIAA) L-Argininosuccinate
Taurine 3-Phosphoserine

Glycine hydroxylysine
Taurodeoxycholate Homoserine/Threonine
Glycodeoxycholate Homocysteic acid
Cholate Histidine

Guanidoacetic acid

Glutathione disulfide

" Glutathione sulfonamide

Aconitate Glutathione
Succinate/Methylmalonate Glutamine
Malate Glutamate

Fumarate Dimethylglycine
Citrate/isocitrate 2-Aminoadipate

alpha-Ketoglutarate

Ey p-value key

§ *<0.1

log, fold change ** £0.05
* ok Kk < 001

32410123

$

$
§









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
Experimental
Biology and
Medicine





