In The Shadows Of The Metabolome: Unknown Spectral Features In Soil, Scent, And Disease





A Dissertation Presented for the
Doctor of Philosophy
Degree
The University of Tennessee, Knoxville








Zane Alexander Vickery


December 2025


DEDICATION
For all the work shown here, and all the work unseen, I dedicate this to my family.
To my wife and daughters, parents, brothers, in-laws, and close friends: your steadfast support carried me through the most challenging endeavor of my life. I truly could not have done this without you.


















ACKNOWLEDGEMENTS
I would like to start by thanking my advisor, Dr. Shawn Campagna. Over the years I was given many projects, some of them enjoyable and others I would rather forget. I will take some of the blame for the difficult ones because I did not truly learn how to say no until probably my fifth year in the program. Still, those experiences taught me how to be a free thinker, both inside and outside the box, and how to tackle challenges with creativity and resilience. The skills I gained in your lab will serve me well for the rest of my career. I also want to thank my committee members, Dr. Joshua Baccile, Dr. Ziling Xue, and Dr. Jennifer Schweitzer, for their commitment to my training, their participation in my defenses, and their guidance in helping me grow into a competent scientist.
To all my collaborators across various projects, thank you. Not learning to say no early on turned out to be a blessing because it allowed me to meet and work with many brilliant and inspiring people. Some of my favorite projects came in the final years of my graduate career, especially those with Dr. Dawnie Steadman. Working at the Body Farm is something most people dream of but never experience. I am incredibly grateful for the opportunity. Developing methods, analyzing data, and planning future work with your team were some of the most rewarding and enjoyable moments of my time here. I hope the contributions I made were equally valuable.
To my lab mates and friends in the department, you have been a source of support, ideas, and sanity. Justin Kirby and Dr. Aleksandra Antevska started alongside me and made the journey richer. Justin, you have been a great friend both professionally and personally. I will probably never meet someone else as obsessed with Dice Throne as I am, and I dearly miss those game nights. Aleks, your kindness is unmatched. Teaching you Southern was a highlight of grad school. Thank you for loving my kids like family. It means more than you know.
Thank you also to those who helped me think, vent, and stay grounded but a few need to be mentioned specifically. Hector Castro thank you for listening and talking me off the cliff several times. Katarina and Courtney, thank you for always letting me talk through new ideas or half-baked methods. Wesley, your calm presence, and our families’ friendship have meant a lot. Lindsay, you have been an incredible help in my career. Your brilliance with the GC is unmatched, and your advice and friendship are invaluable.
We have made many family friends along the way and some even before we moved to Knoxville. Thank you to our small group at West Park Baptist Church, you guys have prayed for us for years. Frankie, you are still one of the most interesting people I know. I am glad you gave me a chance as a so called “frat boy” to work with you. Your friendship has been constant ever since, and I am grateful for it. JD, Kayla, Malachi, and Mackenzie, God bringing our two families together right after we moved here was the best thing that could have happened to us. You guys are our dearest friends, and I will never forget all our fun game nights and long nights spent simply enjoying each other’s company. Watching both of our families grow has brought so much enjoyment to us.
To Zach and Zephan and their families, all of us having children at nearly the same time has been a wonderful and enjoyable time figuring out fatherhood together. To Papa and Juju, you guys are incredible. Thank you for your candor, your support, and the love you show my family. Thankfully, FaceTime makes us feel much closer than hundreds of miles apart.
To Mom and Dad, thank you for everything. I have learned in recent years what y’all sacrificed for us growing up and what you still do, and I could never thank you enough. Support does not fully describe what you have given me. You both are the best parents I could have ever asked for. I know whatever comes my way, you both will always be in my corner. I love you both dearly and will never forget our countless phone calls on my way home from work. Thank you for loving my girls the way you love me. I hope I have made you both proud for more than just this milestone in my life.
Lastly, to Saylor Ruth, Stella Brooke, and Anna Kate — y’all are my everything. God gave us two perfect girls, and that makes me the luckiest man alive.
Saylor, your infectious smile and big heart can fill a room instantly. I hope you never lose your joy for life or your sassy attitude. Stella, your laugh and playful attitude are starting to show more and more each day. I cannot wait to see you blossom into your full self in these next few years. You girls are my inspiration, motivation, joy, and encouragement every single day. 
And thank you, Anna Kate. You know and understand me better than anyone in this world. Your support has been immeasurable, but you have provided me so much more than that. You have given me joy, fun, accountability, entertainment, help, ideas, an everlasting friendship, a home, and most importantly, a family. Without you, I would not be the man I am today. There are not enough words or actions in this world to repay all I owe you. I love you three with everything in me, and this is all for and because of you.


[bookmark: _Toc205789770]ABSTRACT
Untargeted metabolomics offers a powerful approach for analyzing small molecules in complex biological and environmental samples. This dissertation applies high resolution mass spectrometry to three distinct systems—soil chemistry, forensic residual odor detection, and clinical metabolomics—to explore how spectral features can reveal meaningful chemical differences, even without full structural identification. The first study examined how land management influences soil metabolomes. Despite limited metabolite annotations, spectral data revealed distinct chemical profiles across forested, cultivated, and pasture soils. These patterns suggest that land use alters nutrient cycling and elemental composition in reproducible ways. The second study tested whether cadaver detection dogs can respond to residual scent left on materials exposed briefly to decomposing remains. Untargeted GC HRMS analysis showed clear chemical signatures, including thiols and sulfur containing volatiles, supporting canine alerts to trace level residues even after direct odor emission had ceased. The final study investigated blood serum from individuals with and without neurodegenerative disease. Metabolic differences between groups were observed, highlighting potential chemical markers linked to disease processes. Together, these studies demonstrate the utility of untargeted metabolomics for detecting subtle but meaningful biochemical variation across diverse applications. By focusing on patterns within unknown spectral features, this work shows how mass spectrometry can advance ecological, forensic, and clinical understanding without requiring complete compound identification.
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[bookmark: _Toc205789768]INTRODUCTION
Untargeted metabolomics has enabled the study of small molecules in complex biological and environmental systems. By detecting thousands of features in a single run, without requiring prior compound selection, this approach opened new frontiers for discovery-based science. It remains a cornerstone of exploratory ‘omics research. However, despite its widespread use, a sobering reality has come into sharper focus. The vast majority of chemical signals detected in untargeted datasets remain structurally unannotated. Despite at least two decades of effort to expand compound libraries and spectral databases, it is estimated that fewer than 5% of features in a typical untargeted dataset can be confidently identified using current resources.1 This means that over 95% of the data falls into the so-called “dark metabolome”, or more broadly, “the dark chemical space”, which includes unknown features from the metabolome, lipidome, and volatilome alike.2, 3
This growing awareness has led to a shift in focus, from disregarding unknowns as unusable unidentified features, to embracing them as sources of potential biological insight. Several factors have contributed to this change. Advances in high-resolution mass spectrometry, particularly platforms like the Orbitrap, have greatly expanded the number and types of features that can be detected with high mass accuracy and sensitivity.4, 5 The gap between data acquisition and compound identification has widened, driven by diversity across samples from soil, human tissue, microbiomes, and synthetic environments. Most of these compounds have no representation in existing databases, and even when MS/MS spectra are available, the limited coverage of current spectral libraries prevents confident annotation.6, 7
These challenges are especially pronounced in fields that deal with highly complex or poorly cataloged chemical environments, such as environmental metabolomics, volatilomics, and microbiome research.8 Still, lack of identification does not imply lack of significance. Numerous studies now demonstrate that unidentified features can reflect meaningful biological, ecological, or environmental variation.9 These unknowns can differentiate sample groups, correlate with exposures or disease states, and reveal novel compound classes or biochemical processes, provided they are treated with the same rigor as identified metabolites.
This dissertation embraces that perspective. Across three different systems, this work shows that unknown spectral features can still reveal important chemical patterns and biological differences. This includes features from metabolites, volatiles, or other small molecules, even when their structures are not known. In Chapter 1, untargeted UHPLC-HRMS is used to differentiate and characterize soil metabolomes across six land management practices. This showed that unannotated features alone could distinguish between different ecological conditions. Chapter 2 shifts focus to the volatilome, applying headspace SPME-GC-MS to profile the chemical residue left on gauze exposed to fresh human remains during forensic canine testing. These unknown volatile compounds were sufficient to distinguish target and distractor groups, supporting the concept of residual odor. Also, ten compounds of interest were found to be significantly influenced by exposure to the deceased group. Chapter 3 explores how unidentified metabolites contribute to the altered gut chemistry observed in patients with Alzheimer’s disease, Parkinson’s disease, and amyotrophic lateral sclerosis, revealing disease-specific patterns and microbial associations.
Together, these studies argue for a more inclusive and flexible approach to chemical data interpretation. By reframing unknowns not as limitations but as opportunities, we can extract meaningful insights from the untapped majority of data in untargeted approaches. This work supports a growing recognition that unknown spectral features can, and should, play a central role in discovery-driven science.
[bookmark: _Toc205789769]OVERVIEW OF DISSERTATION
Untargeted metabolomics allows researchers to measure thousands of chemical features in a single analysis. This approach does not require a predefined list of compounds and can reveal unexpected chemical patterns. However, most detected features cannot be identified with current databases, leaving a large portion of the data in what is called the “dark metabolome.” Instead of viewing these unknown features as noise, this dissertation examines how they can provide useful and biologically meaningful information.
The research is organized into three studies. The first study looks at environmental samples, using soil from different land management practices to see if unknown features can separate groups with different ecological conditions. The second study focuses on forensic science, testing whether volatile organic compounds left on materials exposed to human remains can be detected and linked to cadaver odor. The third study examines human health, looking at gut microbial metabolites in people with neurodegenerative diseases to see if unknown features can help support chemical differences related to disease.
Together, these studies show that unknown features can capture consistent and important chemical differences across environmental, forensic, and clinical systems. This work supports the idea that unknown features are not just a limitation, but a source of new discoveries. By including them in the analysis, researchers can better understand complex chemical systems and generate new hypotheses for future study.
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[bookmark: _Toc205789772]1.1 Abstract
Land management practices significantly influence soil biochemical processes, yet traditional soil analyses often fail to capture these dynamic molecular changes. This study applied untargeted metabolomics using ultra-high-performance liquid chromatography coupled with high-resolution mass spectrometry (UHPLC-HRMS) to characterize soil metabolic profiles across six distinct land use types: conventional cultivation, organic cultivation, pasture, white pine, tulip poplar, and hardwood forest. Metabolic features, including both identified and unidentified compounds, revealed clear separation between land management systems via multivariate analyses such as PLS-DA. 
While traditional elemental ratios such as C/N showed limited variation, phosphorus-related stoichiometric ratios (C/P and N/P) exhibited meaningful trends tied to land use. Structural classification of unknown metabolites using NPClassifier further highlighted group-specific patterns, with forested soils enriched in diverse secondary metabolites, cultivated soils showing simplified profiles, and pasture soils dominated by microbial membrane lipids and alkaloids.
These findings underscore the ability of untargeted metabolomics to detect ecologically relevant chemical differences even without full compound identification. The combination of elemental ratios and biosynthetically informed classification provides a powerful framework for understanding how land use shapes soil chemistry and nutrient cycling. This approach offers a valuable complement to traditional soil metrics and supports future efforts to link metabolite profiles with microbial communities and ecosystem function.
[bookmark: _Toc205789773]1.2 Introduction
Land management practices play an important role in shaping the health and functionality of soil ecosystems, influencing nutrient cycling, soil structure, and microbial activity. Conventional management often involves synthetic fertilizers, pesticides, herbicides, mechanical tillage, and irrigation. In contrast, organic management restricts synthetic inputs, relying on compost, crop rotation, biological pest control, and other sustainable techniques to support soil fertility and ecological stability.10 Forest soils, that are shaped by natural plant detritus and minimal disturbance, accumulate organic matter through slower decomposition processes. In fact, soils under hardwood and coniferous forests differ in their chemical and biological profiles, with variations in pH, nutrient availability, and microbial community composition.11 These variations affect nutrient cycling and organic matter turnover, ultimately influencing soil function.
Beyond individual ecosystems, land management practices broadly impact biogeochemical processes, including organic matter decomposition, nutrient cycling, and soil structure.12 Studies find that different land-use types significantly alter nutrient availability and organic matter dynamics, with downstream effects on soil fertility and ecosystem function.13 Similarly, agricultural management practices can modify soil characteristics and reshape biogeochemical cycles.14 Together, these findings highlight the central role of land management in controlling soil chemistry, nutrient dynamics, and broader ecosystem processes, providing a foundation for exploring soil biochemical variation through metabolomic approaches. 
Traditional soil analyses generally rely on physical and chemical measurements, such as bulk elemental composition, soil texture, and microbial community composition, to assess soil health and nutrient pools.15 While these approaches provide valuable environmental information, they primarily capture broader chemical trends and may overlook dynamic biochemical processes occurring over shorter time periods and at smaller molecular scales.16 In contrast, metabolomics offers a more detailed view of soil biochemistry by profiling the diverse small molecules involved in nutrient cycling, organic matter turnover, and chemical interactions within the soil matrix.17 However, soils present challenges for metabolomic analysis. As complex systems composed of organic and inorganic material, diverse chemical inputs, and intricate biogeochemical interactions, soils generate highly complex metabolite profiles. These features make it difficult to fully characterize soil biochemistry using traditional targeted metabolomics approaches, which often focus on limited sets of known compounds. As a result, untargeted methods that capture broad metabolomic variation are essential for uncovering the biochemical diversity within soils.
Untargeted metabolomics enables the simultaneous detection of hundreds to thousands of metabolites spanning a wide array of biochemical pathways. However, even with these advancements, only a small fraction of detected metabolites (less than 5%) can be confidently identified, leaving most of the soil metabolome uncharacterized.2 This largely unexplored fraction, often referred to as the “dark metabolome,” holds significant potential for revealing novel biogeochemical patterns and environmental processes.18 These untapped chemical signatures highlight the importance of continued exploration of soil biochemical complexity beyond known compounds.
 For this study, ultra-high performance liquid chromatography coupled with high-resolution mass spectrometry (UHPLC-HRMS) based metabolomics was employed to examine the soil metabolomes of six distinct land management practices: conventional cultivation (CC), organic cultivation (OC), hardwood forest (HF), white pine (WP), tulip poplar (TP), and pastureland. Each management type differentially influences soil properties, potentially resulting in shifts in metabolite composition, particularly among compounds related to nutrient cycling and organic matter turnover.
Pasture soils were selected as a reference baseline due to their minimal anthropogenic disturbance and relatively stable management history. Forest soils, which are also largely undisturbed, differ in that they develop primarily through plant detritus decomposition and closed nutrient cycling, without any active management. In contrast, cultivated soils represent highly managed systems, undergoing regular fertilizer input, mechanical tillage, and other disturbances that can dramatically alter nutrient availability and soil structure. These contrasts in land use and disturbance intensity were expected to drive differences in soil biochemical profiles.
It was hypothesized that significant changes in elemental ratios and metabolite composition would be observed across land management practices, providing insight into their impacts on soil biogeochemistry. Untargeted metabolomics was applied to identify distinct metabolic profiles associated with each land management practice and to broadly classify metabolite groups contributing to variation across systems. By characterizing these soil metabolomes, this research aims to advance understanding of the biogeochemical processes underlying soil health and ecosystem function.
[bookmark: _Toc205789774]1.3 Materials and Methods
Field soils were collected from six land cover or management types representative of the Ridge and Valley Province of Virginia, USA: conventional cultivation (i.e., inorganic fertilizer and pesticide inputs, typically under corn-soybean rotation), organic cultivation (mixed vegetables), mixed deciduous forest (primarily Quercus sp and Fagus grandifolia), tulip poplar (Liriodendron tulipifera) stands, white pine (Pinus strobus) stands, and pastureland (primarily Festuca arundinacea). 
Coordinates for each sampling location were as follows:
– Conventional cultivation: N37° 11.9′, W80° 34.5′
– Organic cultivation: N37° 15.5′, W80° 35.8′
– Deciduous forest: N37° 15.4′, W80° 35.8′
– Tulip poplar stand: N37° 15.3′, W80° 35.8′
– White pine stand: N37° 11.8′, W80° 35.0′
– Pasture: N37° 12.1′, W80° 34.0′
For each experimental group, four random soil cores (10 cm depth) were collected and then sieved (4 mm) and homogenized. Samples from each group were pooled and homogenized in the field. Subsamples were immediately frozen using liquid nitrogen and stored at -80°C until metabolomic analysis. Before metabolomic analysis, subsamples were pulverized and homogenized three times using a mortar and pestle under liquid nitrogen.  Grinding, weighing, and extraction of metabolites were carried out inside a cold room at 4°C.
[bookmark: _Toc205789775]1.3.1 Soil Metabolite Extraction
The homogenized soil samples (n=4) were weighed into 30 mg samples and were analyzed at the Biological and Small Molecules Mass Spectrometry Core at the University of Tennessee, Knoxville, TN (RRID: SCR 021368). The experiment utilized a previously established untargeted metabolomics procedure for extraction of water soluble metabolites and analysis.19 Ultra-high performance liquid chromatography grade solvents (Fisher Scientific, Hampton, NH) were used during the entirety of the experiment. The extraction solvent, composed of methanol, acetonitrile, and water with formic acid at a final concentration of 0.1 M in a 2:2:1 ratio, was added to each sample at a volume of 1.3 mL in a cold room at 4°C.
Once mixed, the samples were shaken on an orbital platform shaker (Bellco, Vineland, NJ) at 4°C for 20 minutes. The samples were centrifuged at 15,000 RPM for five minutes before collection of the supernatant. Additionally, 200 µL of extraction solvent was added to the remaining pellet, and this mixture was shaken for an additional 20 minutes at 4°C. Then, centrifugation for five minutes at 15,000 RPM occurred prior to collection of supernatants. Both supernatants were then combined and allowed to evaporate under high purity nitrogen. Once dried, 300 µL of water was added to resuspend the samples prior to mass spectral analyses. Samples were immediately placed in autosampler trays at 4°C for mass spectrometric analysis.
[bookmark: _Toc205789776]1.3.2 UHPLC-HRMS Metabolomics Analysis
The analysis was conducted using an ultra-high-performance liquid chromatography system coupled with a high resolution Orbitrap mass spectrometer (UHPLC-HRMS), and a previously established metabolomics analysis method.20 In short, the chromatographic separation employed a reverse-phase 25-minute water:methanol gradient solvent system with tributylamine (TBA) used as an ion pairing reagent. Resuspended samples were stored at 4°C during analysis. The water-soluble metabolites were separated on a Synergi 2.5 micron reverse-phase Hydro-RP 100 Å, 100 x 2.00 mm LC column (Phenomenex, Torrance, CA) kept at 25°C and ˚using an Ultimate 3000 pump (Dionex, Sunnyvale, CA). The eluent was introduced into the MS via an electrospray ionization source (ESI) coupled to an Exactive™ Plus Orbitrap Mass Spectrometer (Thermo Scientific, Waltham, MA) through a 0.1 mm internal diameter fused silica capillary. The ESI was operated with a spray voltage was 3 kV, nitrogen sheath gas was set to a flow rate of 10 (arbitrary units) with a capillary temperature of 320°C. The mass spectrometer was operated in negative ionization mode using a previously mentioned adapted method.20 Acquisition gain control (AGC) target was set to 3x106 ions. The samples were analyzed with a resolution of 140,000 and a full scan window of 85 to 800 m/z for from 0 to 9 minutes and 110 to 1000 m/z from 9 to 25 minutes. Solvent A consisted of 97:3 (v/v) water:methanol, 10 mM tributylamine, and 15 mM acetic acid. Solvent B was 100% methanol. The gradient was as follows: t=0min 100%A 0%B; t=5 min 80%A 20%B; t=13 min 45%A 55%B; t=15.5 min 5%A 95%B; t=19 min 100%A 0%B; t=25 min 100%A 0%B with a flow rate of 200 µL/min.
[bookmark: _Toc205789777]1.3.3 Known Spectral Features
Raw spectral files generated by Thermo’s Xcalibur software, were converted to the open
source mzML format by utilizing the msConvert package from ProteoWizard.21 After conversion, the mzML files were uploaded to Metabolomic Analysis and Visualization Engine (MAVEN).22, 23 This program was used for peak alignment and retention time correction. Metabolites were manually integrated by exact mass (± 5 ppm) and retention times ( ≤ 1.5 min), which were compared to an in-house library of 279 metabolite standards. Statistical analyses were performed in MetaboAnalyst 5.0.24, 25 The data were normalized by mass, filtered by interquartile range (IQR), log transformed, and Pareto scaled. MetaboAnalyst 5.0 was used to perform partial least squares discriminant analysis (PLS-DA) for both known and unknown spectral data. From the PLS-DA model, variable importance in projection (VIP) scores were calculated for each metabolite to determine the importance of each individual metabolite for the separation between the groups in the PLS-DA. A VIP score threshold of >1 was used to indicate a metabolite contributed significantly to the different metabolic profiles between groups.
[bookmark: _Toc205789778]1.3.4 Unknown Spectral Features
Raw spectral files were converted to mzML format using the msConvert package from ProteoWizard and then each mzML was zipped individually.21 Zipped mzML were uploaded to MetaboAnalyst 5.0.24, 25 Within the Spectra Processing tab, the parameters were as follows. UPLC-Orbitrap was selected for the platform. Peak picking used the centWave-auto algorithm with a minFraction of 0.8 for peak alignment in negative mode. Contaminant removal was enabled, and the data were deisotoped, deadducted, and dereplicated during feature alignment and grouping. The resulting feature table was exported as a CSV file for further statistical analysis.
PLS-DA was used to examine how metabolic profiles differ across the various land management practices. To compensate for the increased complexity a 3rd component was utilized for visualization in a 3D PLS-DA. The UpSet plot was created using a free data visualization tool, ChiPlot.26 
[bookmark: _Toc205789779]1.3.5 Elemental Formula Assignment and Stoichiometric Analysis
Molecular formulas were assigned to the unknown features from MetaboAnalyst using the Seven Golden Rules (7GR) software.24, 25, 27 Only formulas containing biologically relevant elements such as carbon (C), hydrogen (H), nitrogen (N), oxygen (O), phosphorus (P), and sulfur (S) were permitted, to minimize chemically implausible combinations. Mass accuracy constraints were set at 2 ppm for features with m/z values below 500 Da and 5 ppm for features above 500 Da, in line with typical Orbitrap performance in untargeted workflows.
To enable 7GR’s isotope scoring filter in the absence of curated isotopic data, placeholder values of 5% were entered for A+1, A+2, and A+3 isotopic abundances, with an isotopic abundance error of 5%.28 An additional filtering step retained only formulas with an isotope match score ≥ 30% to exclude low-confidence assignments.29 Internally, 7GR applies multiple heuristic rules to improve chemical plausibility, including checks for element ratio ranges (e.g., H/C, N/C), ring double bond equivalents (RDBE), element probability scoring, and isotope pattern matching.27 These constraints help eliminate implausible or rare combinations while maintaining flexibility for unknown but reasonable organic structures.
When multiple formula assignments were returned for a single m/z feature (up to three), elemental ratios such as C/N, C/P, and N/P were calculated using a weighted average approach, assuming equal probability (1/3) for each candidate formula. This method incorporated structural uncertainty into stoichiometric comparisons by treating all top-ranked formulas equally, rather than assuming a single correct structure.
The resulting molecular formulas were exported to CSV and analyzed in RStudio v1.3.1093 using a custom R script to calculate elemental ratios and generate violin plots.30, 31 Statistical analysis of stoichiometric ratios was performed using Kruskal–Wallis tests followed by pairwise comparisons against the pasture group only. Effect sizes were calculated to evaluate the magnitude of observed differences.
The same CSV file was processed through a custom Python 3.9 script using the PubChemPy package to retrieve SMILES strings.32-34 
Because the focus of this study is on relative elemental composition rather than exact metabolite identification, this approach provides a consistent and chemically sound basis for comparing unknown spectral features across groups.
[bookmark: _Toc205789780]1.3.6 Chemical Classification Utilizing NP Classifier
SMILES strings generated from molecular formula assignments were submitted to NPClassifier (V 1.5), a deep neural network-based tool designed for automated structural classification of natural products.35 NPClassifier categorizes molecules according to a biosynthetic classification system, assigning each one to hierarchical groups based on biosynthetic class, superclass, and chemical class using learned structural patterns and curated rules. 
In practice, each SMILES string was submitted to NPClassifier using a custom Python script that accessed the chemical query interface. Compounds were classified based on key structural features such as alkyl chains, heterocycles, or aromatic rings. This allowed the compounds to be assigned to classes like “fatty acids and conjugates” or specific alkaloid subclasses. This classification approach is based on how compounds are made in nature, making it more relevant for understanding plant and microbial metabolites than general chemical categories. Classification results were exported into a CSV file for downstream analysis, enabling visualization and comparison of chemical class distributions across land management practices.
[bookmark: _Toc205789781]1.4 Results
[bookmark: _Toc205789782]1.4.1 Overview of Identified and Unidentified Metabolites
An untargeted metabolomics method was employed to investigate the global metabolomes associated with different land management practices. This analysis identified 41 metabolites based on exact mass (≤ 5 ppm) and retention time across all land management soils. Additionally, 4,893 unidentified spectral features characterized by retention time and exact mass. These features, considered MS4 compounds, lack structural or class-level annotations at this time. 
[bookmark: _Toc205789783]1.4.2 Multivariate Separation by Land Management
Metabolic profiles across the six land management practices were compared using both 2D and 3D PLS-DA. These results demonstrate that known metabolites are not necessary to clearly distinguish among land management practices. The global metabolic profiles, even without annotation, contain enough information to differentiate complex soil systems. While identified metabolites aid biological interpretation, unidentified features 
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[bookmark: _Toc205989427]Figure 1.1 Partial least squares discriminant analysis (PLS-DA) showing group separation based on all 41 identified metabolites, with 95% confidence intervals. This analysis displays distinct metabolic profiles for all six groups.
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[bookmark: _Toc205989428]Figure 1.2 3D PLS-DA comparing metabolomes based on 4,893 unidentified spectral features. The clear group separation provides stronger evidence than identified metabolites alone that each sample group possesses a distinct metabolic profile.

The 2D PLS-DA using the identified metabolites revealed clear separation among all groups, indicating unique metabolomes for each (Figure 1.1). A 5-fold cross-validation across 2 components yielded strong model performance (R2= 0.910, Q2 = 0.814). 
Even without structural identification, the 3D PLS-DA using only the unidentified spectral features also achieved robust group separation, highlighting that untargeted spectral data alone can distinguish land management practices (Figure 1.2). This model validated using 5-fold cross-validation across 3 components, produced R2 = 0.937 and Q2 = 0.709.
These results demonstrate that known metabolites are not necessary to clearly distinguish among land management practices. The global metabolic profiles, even without annotation, contain enough information to differentiate complex soil systems. While identified metabolites aid biological interpretation, unidentified features alone can still capture meaningful ecological variation making this approach particularly valuable in ecosystems lacking comprehensive metabolite libraries.
[bookmark: _Toc205789784][bookmark: OLE_LINK3]1.4.3 Elemental Stoichiometry
To explore nutrient-related variation among soil metabolomes, elemental ratios were calculated from molecular formulas assigned to unknown spectral features. Ratios included carbon-to-nitrogen (C/N), carbon-to-phosphorus (C/P), and nitrogen-to-phosphorus (N/P). These values provide stoichiometric insight into microbial nutrient availability and organic matter composition. Statistical comparisons were conducted using Kruskal–Wallis tests with pairwise comparisons against the pasture group, and effect sizes were calculated to assess the magnitude of group differences.
C/N ratios (Figure 1.3a) exhibited substantial overlap across land use types. Although some comparisons reached statistical significance, nearly all were associated with 
[bookmark: _Toc205989429]Figure 1.3 Violin plots show distributions of (a) carbon-to-nitrogen (C/N), (b) carbon-to-phosphorus (C/P), and (c) nitrogen-to-phosphorus (N/P) ratios across six soil types. Statistical significance is based on Kruskal–Wallis tests followed by pairwise comparisons against the pasture group only. Asterisks indicate significance levels (p < 0.05, p < 0.01, p < 0.001), and effect sizes are shown in parentheses. Although some C/N comparisons reached significance, most had negligible effect sizes. In contrast, C/P and N/P ratios showed larger and more meaningful shifts relative compared to pasture.
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negligible effect sizes, suggesting minimal ecological relevance. Median values fell between ~2.5 and 3.5, and the interquartile ranges were broad and overlapping. This suggests that C/N ratios derived from labile, water-soluble metabolites are relatively insensitive to differences in land management practices.
In contrast, C/P and N/P ratios (Figures 1.3b and 1.3c) revealed  statistically robust separation among groups. Both ratios were consistently lowest in pasture soils and significantly elevated across all other land management types. Pairwise comparisons between pasture and the other five groups yielded large or moderate effect sizes.
[bookmark: _Toc205789785]1.4.4 Phosphorus-Related Stoichiometric Variation
The C/P and N/P ratios were also calculated to evaluate whether phosphorus availability may contribute to stoichiometric differences. Kruskal–Wallis tests indicated significant differences in both C/P (p < 0.05) and N/P ratios (p < 0.05) across land management practices compared to the pasture. C/P and N/P ratios differed significantly across land uses, with white pine consistently exhibiting the lowest values, and hardwood forest and conventional cultivation showing the highest C/P and N/P values, respectively. These findings indicate that, although broad elemental ratios like C/N did not differ significantly These findings indicate that, although broad elemental ratios like C/N did not differ significantly may influence phosphorus availability or microbial nutrient acquisition strategies. Violin plots used to visualize these distributions excluded statistical outliers using the IQR method to improve interpretability, though all statistical analyses were performed on the complete dataset. In contrast to the C/N ratio, which showed negligible effect sizes, differences in C/P and N/P ratios exhibited moderate to large effect sizes across land management groups.
[bookmark: _Toc205789786]1.4.5 Overlap and Uniqueness of Unknown Spectral Features
[bookmark: _Toc205789787]To visualize trends in the unidentified spectral data, an UpSet plot was generated (Figure 1.4). The plot highlights the overlap of statistically significant unidentified spectral features across land management practices, further demonstrating that these unknown features contain biochemically meaningful information. CC and OC showed significant overlap in features, with 105 shared features between them. Although several groupings share features, most of the sets are comprised of unique unidentified spectral features. In order of CC, HF, OC, TP, and WP, 248, 276, 90, 55, and 48 unidentified spectral features were unique to their respective land management sets.
1.4.6 Chemical Class Composition of Unidentified Features
Differences in soil metabolomes resulting from the various land management practices were demonstrated through PLS-DA and PCA. However, to assess differences in elemental composition, the chemical class composition of each soil type was analyzed. Pie charts were created to show chemical classifications from the unidentified spectral features for all soil types (Figure 1.5). Classification was determined in a cascade from broad kingdoms, superclasses, classes, to more highly refined subclasses. The individual counts for each category can be found in the Appendix Table 1-1.Even without structural information, these data highlight that differentiation between and among soils can be achieved through unidentified spectral features alone. This is a key advantage of untargeted metabolomics in soil science.
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[bookmark: _Toc205989430]Figure 1.4 Each land management strategy is represented as a set, and the plot highlights the overlap between them. Each bar’s size represents the number of unidentified spectral features shared between the different combinations of soil types.
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[bookmark: _Toc205989431]Figure 1.5 Unidentified spectral features categorized in superclasses.

[bookmark: _Toc205789788]1.5 Discussion
[bookmark: _Toc205789789]1.5.1 Land Management Shapes Soil Chemistry and Metabolic Profiles
This study showed that untargeted metabolomics can distinguish soil systems under different land management practices, even without structural identification of most metabolites. The unidentified spectral features alone were enough to separate land management groups. This means that spectral data can still capture consistent biochemical differences, even when most compounds are unknown.
Only 41 metabolites were confidently identified using an in-house library that focused mostly on human central carbon metabolism. This limitation did not prevent the detection of meaningful differences between land management strategies. While identification helps with interpretation, it was not necessary for group separation. Both identified and unidentified spectral features revealed distinct metabolic profiles across the soil types. Features shared among groups, along with those unique to specific practices, were examined to better understand compositional trends. In addition, elemental ratios were calculated to explore how land management influences nutrient balance and carbon storage. These data provided useful context for how management strategies such as conventional cultivation or hardwood forest affect nutrient cycling.
The distinct metabolic profiles observed across land management types suggest that land use not only changes the availability of carbon and nitrogen, but also shapes the composition of key compound groups. These include superclasses such as fatty acids and conjugates, fatty acyls, glycerophospholipids, peptide alkaloids, and pseudoalkaloids which were all derived through NPClassifier structural taxonomy. The relative proportions of these classes varied by land management type, reflecting shifts in plant-derived inputs, microbial community function, and metabolic processes across soil systems.36 
To better understand which identified metabolites contributed most to the group separation for Figure 1.1, we examined variable importance in projection (VIP) scores from the PLS-DA model. The top ten compounds with the highest VIP scores for Component 1 are listed in Appendix Figure 1.6. These compounds represent different biological processes related to soil function, including microbial respiration, nitrogen metabolism, sulfur cycling, and organic matter degradation. Also, pairwise comparisons of each experimental group compared to the pasture via PLS-DA and volcano plots can be found in Appendix Figures 1.7-1.16.
The top metabolite, 2-oxo-4-methylthiobutanoate, is a product of methionine degradation and is involved in microbial sulfur metabolism. It may be more abundant in soils with redox stress or added organic matter.37 Uracil, a base from RNA, comes from the breakdown of microbial biomass. Its presence suggests high microbial activity and nucleic acid turnover.38 Glutamine is a nitrogen-rich compound used by microbes and plants to store or move nitrogen. It may reflect nitrogen availability or microbial uptake strategies.39
UDP-D-glucose is a sugar used to build structural carbohydrates in microbes and plants. It may come from root exudates or microbial polysaccharide production.40 Pyroglutamic acid is linked to oxidative stress and the glutathione cycle. Its presence may reflect shifts in microbial redox environments.41 Benzoate is a degradation product of lignin and other aromatic compounds. It often appears in forest soils with large plant litter inputs.42
Three central carbon intermediates succinic acid, fumarate, and malate are part of the TCA cycle. These compounds reflect microbial energy metabolism and may change depending on oxygen availability or soil organic inputs.43 Finally, phenylalanine is an aromatic amino acid commonly found in root exudates and plant tissues. It may reflect rhizosphere activity or the breakdown of plant-derived organic matter.44
Together, these identified metabolites offer a functional perspective on the broader patterns observed in the untargeted data. Even though most compounds were not identified, these few known features highlight processes like microbial respiration, stress response, and carbon and nitrogen cycling. This supports the conclusion that land management affects soil metabolic profiles in ecologically meaningful ways.
[bookmark: _Toc205789790]1.5.2 Metabolic Profiles are Distinct Across Land Management Practices
[bookmark: _Toc205789791]Analysis of statistically significant unidentified spectral features demonstrated clear differentiation among the five land management practices, using pasture as the reference group (Figure 1.4). CC and HF soils had the largest set sizes, 650 and 550, respectively. This pattern suggests either greater chemical complexity or a more diverse array of soil-derived compounds. In CC soils, frequent mechanical tillage, diverse fertilizers, pesticides, and organic amendments (e.g. compost, manure, crop residues) contribute to high organic matter turnover and dynamic chemical inputs and large set sizes.45 These factors likely account for the broad and complex metabolite profile observed. Similarly, HF soils exhibit a large set size, likely due to slower natural decomposition processes and a diverse mix of leaves, roots, and woody debris.46 Forest soils tend to be more stable, providing a range of complex metabolites due to the slow but steady input of various plant-derived compounds and interactions with fungi and root exudates. This contrasts with the more disturbance-driven complexity seen in CC, highlighting that unique metabolic signatures can arise through different ecological pathways. 
In contrast, set sizes decreased in OC (375), TP (350), and WP (200), suggesting a narrower range of detectable metabolic signatures. The lower set size in OC could reflect the absence of synthetic inputs, leading to a more selective but possibly stable pool of metabolites.47  WP had the smallest set size, likely due to low organic inputs and reduced microbial activity commonly observed in coniferous ecosystems.48 TP soils also exhibited relatively low feature counts; although Tulip Poplar litter decomposes rapidly, other factors such as seasonal inputs, microbial dynamics, or soil structure may contribute to a smaller or more uniform metabolite pool. Despite the lack of compound identification, these consistent differences highlight the practical value of untargeted metabolomics for distinguishing land use types. These findings emphasize how land management shapes soil chemical diversity and drives differences in metabolic composition across practices.49
1.5.3 Shared and Unique Spectral Features Reflect Management History
Several common features among groups were observed in the intersections in the UpSet plot (Figure 1.4). The largest overlap of unidentified spectral features (105) was seen between OC and CC, reflecting their similar agricultural inputs and management strategies. However, each group still maintained distinct biogeochemical profiles shaped by specific land management practices. Despite some shared features, each land management group maintained a largely distinct biochemical profile, emphasizing the influence of management history on soil chemistry. These findings emphasize that soil biogeochemical diversity is closely tied to ecological context and land use, with important implications for soil function and sustainability.50
[bookmark: _Toc205789792]1.5.4 Implications of Elemental Ratios
[bookmark: OLE_LINK1][bookmark: OLE_LINK2][bookmark: _Toc205789793]Elemental ratios are commonly used to infer microbial nutrient limitations, organic matter turnover, and biogeochemical cycling in soils. In this study, these ratios were derived from molecular formulas assigned to unknown spectral features, offering stoichiometric insights even in the absence of compound identification. 
To visualize broader stoichiometric trends, violin plots of carbon-to-nitrogen (C/N), carbon-to-phosphorus (C/P), and nitrogen-to-phosphorus (N/P) ratios were generated. 
To better interpret the practical relevance of these differences, effect size was used to quantify the magnitude of group separation. Unlike p-values, which only indicate whether an effect is likely due to chance, effect size describes how substantially groups differ, independent of sample size. Several comparisons in this analysis yielded medium to large effect sizes (d > 0.5), indicating that the observed stoichiometric shifts are not only detectable but also potentially meaningful in a biological or ecological context.
This distinction is especially important in metabolomics, where large datasets can yield statistically significant results that lack real-world relevance. Effect size provides a more informative measure of group separation by capturing the strength of the relationship, not just its likelihood.51 By emphasizing effect size, this study avoids overinterpreting minor differences and instead highlights stoichiometric changes that may reflect meaningful variation in soil metabolite composition.
The C/N violin plot showed only limited ability to distinguish land management practices from the pasture reference group. Although some pairwise comparisons against pasture reached statistical significance, the effect sizes were negligible, and distributions overlapped heavily. These findings suggest that C/N ratios derived from labile, water-soluble metabolites are relatively insensitive to land use driven variation.52 This is consistent with the interpretation that C/N from metabolomics reflects short-term, bioavailable nutrient pools rather than the broader carbon-nitrogen balance captured in bulk whole soil measurements.53, 54
In contrast, phosphorus-related stoichiometric ratios (C/P and N/P) revealed clearer and more ecologically meaningful differences between land management types. Violin plots showed that cultivated soils, both conventional and organic, had the highest ratios. This pattern may reflect limited microbial access to phosphorus, higher nutrient demand, or leftover effects from past fertilizer use.55 The distributions were tight and shifted upward, showing that most samples followed this trend. These results suggest that phosphorus availability is more strongly affected by cultivation than nitrogen.
Forested soils also showed elevated C/P and N/P ratios compared to pasture, though not as high as in cultivated soils. White pine soils had slightly lower ratios than hardwood soils. These patterns may be linked to differences in litter quality, decomposition rates, and microbial nutrient use.56 Forest litter often contains more lignin and complex compounds, which slow phosphorus release and make it harder for microbes to access. In white pine systems, cooler temperatures, lower pH, and slower microbial activity may further reduce phosphorus cycling.57 In contrast, pasture soils had the lowest C/P and N/P ratios and narrow distributions, suggesting stable phosphorus pools and more efficient phosphorus turnover.55, 56 This may be due to consistent root inputs, low disturbance, and microbial communities adapted to recycling available nutrients. Together, these findings show that phosphorus-centered stoichiometry can reveal how land management shapes soil nutrient balance through both chemical inputs and biological processes.
Even without structural identification, untargeted elemental ratios captured meaningful differences in soil chemistry and inferred nutrient cycling.58 The strong effect sizes and consistent trends in C/P and N/P suggest that phosphorus availability and microbial nutrient demand vary significantly with land use, and that these differences are reflected in the composition of water-soluble metabolites.
[bookmark: OLE_LINK4]Overall, elemental ratios provide helpful background context, but their ability to detect changes by land use effects may depend on which elements are considered. Future research that combines stoichiometric data with microbial or biochemical markers may better explain how land management influences nutrient cycling.59
1.5.5 Unidentified Spectral Features Classification
[bookmark: _Toc205789794]Soil metabolite composition differed by land use, but some patterns were shared across all systems. Certain chemical classes were widespread, while others were restricted to specific land uses. These differences likely reflect the effects of land management on decomposition, microbial activity, and nutrient cycling.60
Across all land-use types, lysine alkaloids, ornithine alkaloids, and pseudoalkaloids were consistently present in moderate to high amounts. These compounds are commonly produced by both plants and microbes and may reflect universal biochemical processes like nitrogen recycling and stress responses in soil ecosystems.61 For example, lysine and ornithine derived alkaloids are often associated with plant defense and microbial signaling in the rhizosphere.62 Their widespread presence suggests they are stable features of soil chemical profiles, regardless of vegetation or management.37
Free lipid-like compounds (fatty acids and conjugates, fatty acyls, fatty amides, and fatty esters) showed strong variation across land uses. All land-use types except pasture had notable levels of these compounds. For example, conventional cultivation soil had over 25 features in the fatty acid class, while pasture had none. This could reflect rapid lipid turnover in pasture soils, where microbes actively degrade labile lipids from plant roots or manure inputs.63 In contrast, forest and pine soils may accumulate more of these compounds due to slower decomposition of leaf waxes and other hydrophobic residues.64
One lipid class, glycerophospholipids, showed the opposite trend. Pasture soils had the highest abundance of glycerophospholipids among all sites. These are structural components of microbial membranes and are often used as indicators of microbial biomass.62 Their enrichment in pasture suggests a highly active and well-developed microbial community, most likely due to minimal disturbance and continuous plant cover.65 In contrast, soils that are regularly tilled or used to grow only one crop may have lower microbial diversity and fewer microbial membrane lipids.66
Nitrogen-rich metabolite classes dominated the soil profiles overall, but some subclasses were exclusive to undisturbed systems. For example, histidine alkaloids were detected only in pasture and hardwood forest soils. These compounds are sometimes produced by soil fungi, especially in undisturbed or perennial systems.67 The absence of histidine alkaloids in croplands and conifer forests may reflect the loss of fungal diversity due to tillage or simpler plant communities.68
Peptide alkaloids were absent from all sites except hardwood forest, where they appeared at low levels. This could be tied to the chemical complexity of deciduous litter or specialized microbial interactions in forest soils.69 Their low levels in farmland and pasture suggest these compounds are not often made in disturbed or grass-based ecosystems.70
Overall, pasture soil showed a lack of free lipids, high microbial membrane lipids, and unique alkaloids, indicating a fast-cycling and microbially rich environment.71 Cultivated soils showed signs of lipid breakdown and lacked some microbial or plant-derived alkaloids, pointing to simplified chemical profiles.72 Forest soils contained more secondary metabolites like peptide and histidine alkaloids, possibly due to complex litter inputs and fungal contributions.73 Some classes, like ornithine alkaloids and pseudoalkaloids, were shared across all soils. This could suggest that they play a central role in soil chemical cycling regardless of land use.74 These metabolite patterns show how land use alters not just the quantity, but the types of biochemicals present in soil. This chemical diversity reflects broader ecological functions, including microbial activity, decomposition pathways, and nutrient retention.75
1.5.6 Implications and Advantages of Metabolomic Approaches in Soil Science
In addition to chemical classification, elemental ratios were calculated for unknown molecular formulas, focusing on C/N, C/P, and N/P. These stoichiometric comparisons offer insight into nutrient-related trends in soil chemistry. For example, high C/N ratios may suggest carbon-rich compounds with limited nitrogen availability, while low C/P or N/P ratios could reflect phosphorus enrichment or microbial nutrient demands. 
In this study, untargeted metabolomics revealed clear differences in metabolic profiles among land management practices. However, traditional elemental ratios like C/N, H/C, and O/C did not show significant variation. This contrast highlights a key advantage of metabolomics: its ability to detect changes in labile compound composition that bulk compound analyses often miss.  While standard methods often reflect more stable, organic matter pools, metabolomic data capture short-term dynamics in nutrient availability and transformation.76
Importantly, these metabolic distinctions emerged even without full identification of all the individual metabolites. Given that unknown spectral features still differentiated land management types highlights the power of untargeted metabolomics. It provides a sensitive tool for detecting biochemical patterns and changes that traditional methods may overlook. 
[bookmark: _Toc205789795]1.6 Conclusions and Future Directions
This work demonstrates how untargeted metabolomics can detect meaningful chemical differences in soils under different land management systems. Even without full compound identification, molecular formulas enable the calculation of elemental ratios such as C/N, C/P, and N/P, which revealed stoichiometric patterns linked to land use. These ratios reflect nutrient-related traits that vary with management and offer insight into microbial demand, nutrient availability, and organic matter cycling.
Structural classification tools like NPClassifier provided a broader view of chemical composition based on biosynthetic origin. Pasture soils showed signs of fast microbial cycling, low lipid accumulation, and distinct alkaloid signatures. Cultivated soils exhibited simplified chemical profiles, often lacking fungal or microbially derived metabolites. In contrast, forested systems contained more diverse and complex metabolites, likely reflecting leaf litter inputs and slower decomposition.
While many detected spectral features remain unidentified, their consistent patterns across land management practices underscore their value in differentiating soil systems. Although the lack of structural characterization limits direct links to specific biochemical pathways or ecological functions, these unidentified features still provide a powerful framework for analysis.
Beyond compound identification, future research should explore the functional implications of these metabolic differences by integrating soil microbial community analyses, environmental variables, and elemental ratio data. Examining metabolic profiles across multiple seasons and environmental conditions could also provide deeper insights into the stability and resilience of soil chemical profiles over time. 
Overall, this study highlights the power of untargeted metabolomics in soil science, particularly the ability of untargeted approaches to detect meaningful differences in soil chemistry without requiring full metabolite identification. Continued advancements in compound annotation and functional interpretation will further strengthen the connection between soil metabolic patterns and ecosystem processes, supporting more informed and sustainable land management practices.
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[bookmark: _Toc205789797]2.1 Abstract
Human remains detection (HRD) dogs are trained to locate decomposing human bodies based on the detection of volatile organic compounds (VOCs) emitted during decomposition. While canine performance in the field is well documented, the chemical basis of canine alerts, particularly in cases involving trace or residual odor, remains poorly understood. This study applied untargeted headspace solid-phase microextraction gas chromatography–mass spectrometry (SPME-GC-MS) to 162 gauze samples collected during odor recognition tests involving HRD canines. A total of 1,790 unidentified spectral features were detected. After preprocessing and statistical filtering, multivariate analyses were performed to assess differences between target (deceased) and distractor (non-deceased) samples.
Partial least squares discriminant analysis (PLS-DA) demonstrated clear group-level separation, with a third component included to visualize separation in three dimensions. Two-way analysis of variance (ANOVA) revealed 10 features significantly associated with the target group across trials, and an additional 48 features with significant class and trial effects. These features consistently exhibited greater abundance in the deceased condition. 
Notably, these unknown VOC features were sufficient to distinguish target and distractor groups without requiring compound identification. This work provides empirical support for the concept of residual odor and highlights the utility of untargeted metabolomics in forensic canine science. The results suggest that residual odor may persist on surfaces even after visible remains are removed, offering a chemical explanation for HRD canine alerts in the absence of physical evidence.
[bookmark: _Toc205789798]2.2 Introduction
Canis lupus familiaris, or domestic dogs, have long been recognized for their extraordinary olfactory capabilities and are used in a wide range of forensic applications, including the detection of narcotics, explosives, live humans, and human remains.77 Human remains detection (HRD) dogs, commonly referred to as cadaver dogs, are trained to locate decomposing remains by detecting volatile organic compounds (VOCs) emitted during decomposition.78 While their utility in the field is well established, the scientific basis of HRD canine alerts remains underexplored, particularly in scenarios involving trace or residual odor.79
Residual odor is defined as the trace volatiles left behind on surfaces and materials after the removal of human remains, and it presents a unique challenge in forensic investigations. Handler observations suggest that dogs may alert to residual odor even in the absence of visible biological material, indicating a chemical signature that persists after the decedent is no longer present.80 This is particularly relevant in cases where no physical evidence is recovered, yet canine alerts are admitted as confirmatory evidence.81, 82The legal framework surrounding HRD canine evidence compounds this issue. Courts in states such as Virginia and Colorado have ruled that HRD dog alerts do not require a scientific foundation, instead classifying them as “experience-based specialized knowledge.”83 In Brooks v. People, the Colorado Supreme Court admitted canine scent evidence without requiring scientific validation.83 Similarly, in State v. Bucki, the Wisconsin Court of Appeals held that HRD canine alerts may be used even when no corroborating physical evidence is present, provided they meet general expert reliability standards.81 These decisions raise concerns about the acceptance of residual odor alerts as scientifically credible indicators of prior human presence, despite limited empirical validation.
Despite the reliance on HRD canines in the field and in courtrooms, key questions about residual odor remain unanswered. These include its chemical composition, persistence, dissipation rate, concentration thresholds, and how various substrates influence its degradation. Studies of volatile organic compounds emerging from decomposition have documented dynamic, time-dependent shifts in odor profiles, underscoring the challenges of postmortem VOC analysis.84, 85 However, these studies primarily focus on active decomposition. The chemical basis of residual odor from freshly deceased individuals, before active decay, remains poorly understood. 
Without chemical validation, the reliability of a canine’s alert to residual odor depends heavily on handler experience and training protocols, both of which are subject to cognitive bias.86 This disconnect between scientific understanding and courtroom perception has contributed to a state of “mythic infallibility”, a term used to describe how HRD canines are often viewed as inherently accurate by juries and legal professionals.86 This perception is particularly problematic in cases involving residual odor, where the target material is no longer present and the alert relies solely on the dog’s training and the handler’s interpretation. Using untargeted headspace SPME-GC-MS, this study provides one of the first chemical assessments of residual odor from freshly deceased individuals, prior to active decomposition. This work offers new insight into HRD canine alerts in the absence of physical remains.
To address these gaps, this study conducted an untargeted chemical analysis of gauze samples collected during odor recognition tests (ORTs) involving HRD canines. These samples included “target” gauze exposed to freshly deceased individuals prior to active decomposition, “distractor” gauze exposed to living individuals, and blanks serving as environmental controls. Gauze was selected as a passive collection substrate due to its widespread use in HRD canine training and its ability to absorb and retain volatile compounds from both human and environmental sources.87 
Volatile profiles were evaluated using headspace solid-phase microextraction combined with gas chromatography–mass spectrometry (SPME-GC-MS) and a high-resolution Orbitrap mass analyzer. This untargeted approach, widely used in forensic and biological VOC studies, enabled detection of subtle chemical differences between exposure groups in the absence of visible biological residue. 88, 89 The resulting data represent an early chemical characterization of residual odor from freshly deceased individuals, and it offers a basis for continued investigation into its relevance for forensic detection.
[bookmark: _Toc205789799]2.3 Materials and Methods
[bookmark: _Toc205789800]2.3.1 Gauze Preparation
Residual odor sampling was conducted using multi-ply gauze as the collection medium. Dukal 4x4 12-ply gauze pads were subjected to four successive washes with liquid chromatography mass spectrometry (LC-MS) grade methanol to remove any manufacturing VOC contaminants. Each wash lasted 15 minutes, after which the gauze was transferred to the next methanol bath. Following the final wash, gauze pads were dried under a continuous stream of high-purity nitrogen gas in sterile glass containers. Once fully dried, they were stored in EPA-cleaned glass septa jars. All gauze cleaning procedures were performed at the Biological and Small Molecule Mass Spectrometry Core (BSMMSC) at the University of Tennessee, Knoxville (RRID: SCR_021368).
[bookmark: _Toc205789801]2.3.2 Decedent and Living Residual Odor Sampling
Donor bodies were provided by the Forensic Anthropology Center at the University of Tennessee, Knoxville. In this study, three human donors (one female, two males) who had died within 1-4 days of sampling were included. Decedent residual odor sampling occurred on April 4th, 2024. Each donor was positioned supine on a stainless steel table, and 15 cleaned gauze pads were placed beneath the torso for 10 minutes for passive exposure. Tables were not treated with stringent cleaners to avoid introducing extraneous volatile compounds. After exposure, gauze pads were immediately transferred into individual glass septa jars.
For comparison, residual odor samples from living individuals were also collected. Three subjects were selected who had no recent exposure to human remains, the Anthropology Research Facility (ARF), or canine teams. Subjects were required to have avoided these environments for at least three days prior to sampling and did not participate in any phase of the odor recognition testing or chemical analysis. Living subjects followed the same 10-minute gauze exposure protocol.
[bookmark: _Toc205789802]2.3.3 Odor Recognition Test Design and Sample Collection
Volatile samples were collected during double-blind odor recognition tests (ORTs) conducted at the University of Tennessee, Knoxville. Thirty five certified human remains detection (HRD) canine-handler teams participated, each completing three replicates. In each trial, dogs searched a lineup of 18 sealed paint cans with punctured tops arranged in three rows. Dogs were walked past each can twice, and handler reported alerts were recorded by a room monitor. Each lineup contained one “target” sample (gauze exposed to human remains), one “distractor” sample (gauze exposed to living human odor), and 16 “blanks”. Samples were randomly assigned to cans, and the handlers and room monitor were unaware of their positions or the ratios of targets. Following each trial, gauze samples were immediately sealed in 20 mL glass headspace vials and transferred from the ORT team to the analytical team.
[bookmark: _Toc205789803]2.3.4 Headspace SPME Analysis via Gas Chromatography-Mass Spectrometry
Although chemical analysis extended beyond the testing window, samples were processed in order of collection to minimize volatile loss. A total of 162 gauze samples were analyzed, including 9 from deceased targets, 9 from live human distractors, and 144 blank gauzes used as environmental controls. Volatile organic compounds were extracted from the headspace of each vial using solid phase microextraction (SPME). Sampling was performed at 70 °C for 20 minutes using Supelco DVB/PDMS fibers (120 μm). VOCs were thermally desorbed at 70 °C for 1 minute directly into the gas chromatograph.
Analyses were carried out on a Thermo Scientific Trace 1300 gas chromatograph equipped with a TriPlus RSH autosampler featuring an auxiliary temperature/cryo module and SPME kit. The GC system was coupled to an Exactive™ Plus Orbitrap mass spectrometer (Thermo Fisher Scientific, Waltham, MA) operated in positive atmospheric pressure chemical ionization (APCI) mode. The auxiliary transfer line was maintained at 260 °C.
Chromatographic separation was achieved using a 60 m Agilent J&W DB-624 column (0.32 mm i.d., 1.8 μm film thickness). Helium served as the carrier gas at a constant flow rate of 1.5 mL/min. The oven program was as follows: 35 °C (1 min), ramped at 3 °C/min to 80 °C, 10 °C/min to 120 °C, and 40 °C/min to 260 °C, with a total run time of 23.5 minutes. A DB-624 SPME Arrow liner (DB-624ARRLIN17-Trace1300-1) was used.
Full-scan mass spectra were acquired from m/z 50–750 at a resolution of 140,000 (at m/z 200), using a single microscan per scan. The AGC (automatic gain control) target was set to 1 × 10⁶, and the maximum injection time was 50ms. Sheath gas was set to 10 (arbitrary units), auxiliary gas to 8, and sweep gas to 3. The capillary temperature was maintained at 320 °C, and the vaporizer temperature was 300 °C. Mass calibration was performed twice weekly using a standard calibration mixture to ensure mass accuracy within 5 ppm. Instrument parameters were adapted from previously published methods.90
[bookmark: _Toc205789804]2.3.5 Data Processing
Raw spectral files were converted to the mzML format using the msConvert tool from ProteoWizard and individually zipped prior to being uploaded into MetaboAnalyst 5.0.21, 24, 25 Within the Spectra Processing module, data were processed using the UPLC-Orbitrap workflow with the centWave-auto algorithm for peak picking. Alignment was performed in positive ion mode with a minimum fraction threshold of 0.8. Chromatograms were deisotoped, deadducted, and filtered to remove contaminants. To reduce background signal, features present in environmental blanks were subtracted using the built-in blank subtraction tool, resulting in a refined dataset of 562 features. Processed peak tables were exported as .csv files for downstream statistical analysis. Partial least squares discriminant analysis (PLS-DA) was performed in MetaboAnalyst to assess group-level separation, and due to the complexity of the data, a third component was included to generate 3D PLS-DA visualizations and capture additional variance. 
Target and distractor control samples were collected in sealed vials without undergoing odor recognition tests. For the two-way ANOVA, they were grouped with their respective experimental categories (Target and Distractor). This decision was based on preliminary PCA and PLS-DA analyses showing no statistically significant differences between control and ORT-exposed samples (permutation p = 1.0). Controls were treated separately in other multivariate comparisons (e.g., PLS-DA) to assess handling effects, but were combined here to increase statistical power and better assess group-level differences attributable to donor status and trial effects. Statistical significance was determined using a p-value threshold of 0.05, with multiple testing correction applied using the Bonferroni step-down method (Holm). This approach was selected to control for family-wise error while maintaining greater power than classic Bonferroni correction.
[bookmark: _Toc205789805]2.3.6 Molecular Formula Prediction and Classification
[bookmark: _Toc205789806]To investigate the chemical identity of features strongly influenced by exposure to deceased individuals, a targeted subset of statistically significant spectral features (identified by two-way ANOVA) was selected for molecular formula prediction and tentative compound classification. Due to the lack of standards or MS/MS fragmentation data, all annotations are considered tentative.
High-resolution m/z values for each feature were submitted to the Seven Golden Rules (7GR) algorithm, which applies a cascade of heuristic and chemical constraints to generate a list of plausible molecular formulas.27 These include elemental ratio filters (e.g., H/C, O/C, N/C), valence and bonding rules, and calculations of ring and double bond equivalents (RDBE) to ensure structural feasibility. Orbitrap’s high-resolution mass detection allowed for a narrow mass tolerance of ± 6 ppm, and the elemental search space was restricted to biologically relevant atoms (C, H, N, O, S, P, Cl, Br, and F), excluding improbable elements. Formulas that passed these filters but contained unrealistic element combinations were subsequently discarded during manual review.
If multiple possible formulas were returned for a given m/z, preference was given to the lowest mass error and highest chemical plausibility. This screening process was essential for reducing false positives and avoiding overinterpretation based solely on accurate mass.
Eight of the ten statistically influenced features yielded molecular formulas that passed all plausibility filters. However, only seven of the eight molecular formula were confidently annotated as belonging to a broad chemical class. Tentative classifications were based on comparisons to compound families reported in decomposition and microbial degradation literature. All classifications were made manually based on formula composition and biochemical context. All classifications remain tentative and are intended to support class-level interpretation rather than definitive compound identification.
2.4 Results
[bookmark: _Toc205789807]2.4.1 Detection of Volatile Profiles Using Untargeted Metabolomics
Untargeted headspace SPME-GC-MS analysis of 162 gauze samples collected during odor recognition tests (ORTs) resulted in the detection of 1,790 unidentified spectral features. To reduce background signal and environmental noise, blank subtraction was applied using MetaboAnalyst, yielding a refined dataset of 562 features. Multivariate analysis using partial least squares discriminant analysis (PLS-DA) revealed distinguishable volatile profiles between exposure groups. Samples exposed to deceased individuals clustered separately from those exposed to living subjects and environmental blanks, indicating chemical differentiation associated with exposure history (Figure 2.1).
[bookmark: _Toc205789808]2.4.2 Evaluating Trial-Level Variation
While overall clustering patterns were consistent across exposure groups, samples from Trial 2 exhibited a slight but consistent offset across targets, distractors, and blanks (Figure 2.2 A). No procedural anomalies were reported, and external standards (2-nitrotoluene and nitrobenzene) run across all batches demonstrated consistent peak intensities (Figure 2.2 B). As this variation was trial wide rather than group specific, and no evidence of analytical error was observed, Trial 2 was retained in the analysis to reflect realistic operational variability.
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[bookmark: _Toc205989432]Figure 2.1 3D PLS-DA of volatile chemical profiles from gauze samples exposed to deceased individuals (red), living subjects (blue), and environmental blanks (green). Ellipses represent 95% confidence intervals for each group. Axes represent the first three PLS-DA components, which explain 7.3%, 24.6%, and 9.5% of the total variance, respectively.
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[bookmark: _Toc205989433]Figure 2.2 (A) 3D PLS-DA plot with Trial 2 samples circled in black, showing consistent offset across all exposure groups. (B) Intensity of external standards (2-nitrotoluene and nitrobenzene) across GC-MS batches. Together, these results support the conclusion that Trial 2 variation reflects biological or procedural noise rather than instrumental drift.
[bookmark: _Toc205789809]2.4.3 Assessing Potential Odor Transfer (“Creep”)
Handlers raised concerns about the possibility of odor “creep,” where target odor might linger on the testing line due to canine movement between paint cans. To assess whether this type of transfer contributed to chemical or alert differences, its impact was evaluated directly. Blank samples were categorized based on their proximity to target or distractor samples: those placed directly adjacent to an active sample were labeled as “near,” while those placed at least one position away were labeled as “far”. This comparison was used to evaluate whether spatial proximity contributed to unintentional odor transfer. Only two features met the threshold for statistical significance after FDR correction (adjusted p < 0.1), and both exhibited modest fold changes (log₂FC = 1.1314 and -1.4267), indicating that odor “creep” did not meaningfully influence sample composition and confirming the integrity of the blank controls (Figure 2.3).
[bookmark: _Toc205789810]2.4.4 VOC Features Characterizing Decomposition Exposure
Control samples were included in this analysis by grouping target and distractor controls with their respective experimental groups, as preliminary PCA and PLS-DA showed no significant differences between control and ORT-exposed samples (permutation p = 1.0).
To further examine which features were consistently associated with decomposition, a two-way analysis of variance (ANOVA) was performed to assess the influence of both sample type (deceased vs. distractor/blank) and trial number. Using a Bonferroni step-down correction (Holm) with a significance threshold of adjusted p < 0.05, two-way ANOVA identified 10 features significantly influenced by sample class (Target vs. Distractor/Blank), independent of trial. An additional 48 features showed significant effects of both class and trial, while no features exhibited class-by-trial interaction effects (Figure 2.4). Among these, several features exhibited consistently greater signal intensity in the deceased group across all trials. 
A total of 10 features were significantly associated with exposure class (Target vs. Distractor/Blank), independent of trial effects or class-by-trial interactions (adjusted p < 0.05, Bonferroni step-down). High resolution m/z values were submitted to the Seven Golden Rules algorithm to generate predicted molecular formulas, and 7 of the 10 features were successfully annotated (Table 2-1). All classifications remain tentative given the absence of MS/MS fragmentation data or authentic standards and are intended to support class-level interpretation rather than definitive compound identification.
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[bookmark: _Toc205989434]Figure 2.3 Volcano plot comparing volatile features between blank samples placed near vs. far from odor sources during recognition tests.
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[bookmark: _Toc205989435]Figure 2.4 Two-way ANOVA results evaluating the effects of trial and exposure to deceased human odor on VOC profiles. Ten features were significantly associated with decomposition regardless of trial, while 48 others showed significant effects of both class and trial.


[bookmark: _Toc205989273]Table 2‑1 Predicted molecular formulas and putative compound classifications for the 10 spectral features significantly influenced by exposure to deceased individuals. 
	m/z
	Retention Time (s)
	Molecular Formula (Predicted)
	Tentative Compound Class

	109.0319
	678.58
	C3H9O2S
	Thiol or thioether

	123.0473
	162.14
	C4H11O2S
	Thiol or thioether

	137.0629
	678.84
	C5H13O2S
	Thiol or thioether

	137.096
	1319.81
	C9H13O
	Oxygenated aromatic

	158.0726
	1330.83
	C9H8N3
	Heterocyclic compound

	165.0398
	421.16
	C5H8O6
	Uncharacterized Compound

	183.0504
	421.43
	C6H15O2S2
	Thiol or thioether

	237.0792
	587.56
	C9H17O5S
	Sulfonated ester 

	97.0123
	501.04
	-
	Unannotated

	105.0684
	442.1
	-
	Unannotated





Since no MS/MS data were available, compound classification was based entirely on predicted molecular formulas using a chemically informed framework. This approach relied on evaluating elemental composition, degree of unsaturation, and general structural plausibility. Initial screening included calculating elemental ratios such as oxygen-to-carbon (O/C) and hydrogen-to-carbon (H/C), which help estimate polarity and saturation. High O/C ratios typically indicate polar compounds containing functional groups like hydroxyls, carbonyls, or carboxylic acids.27 The H/C ratio provides additional context for identifying saturated versus unsaturated molecules. Double bond equivalents (DBE) were then calculated to estimate the number of rings or double bonds in each structure. Compounds with low DBE values (0–1) are generally aliphatic, while DBE values of 4 or more often suggest aromaticity or other unsaturated ring systems.91 Sulfur-containing compounds with low DBE values are commonly classified as thiols or thioethers, whereas those with high oxygen content may indicate sulfonated esters or sulfoalcohols. Nitrogen-containing formulas with moderate to high DBE values often correspond to heterocyclic structures. Formulas with no nitrogen or sulfur but elevated DBE values are frequently associated with oxygenated aromatics.
[bookmark: _Toc205789811]2.5 Discussion
[bookmark: _Toc205789812]2.5.1 Distinction Between Residual and Living Odor
This study provides empirical evidence that residual odor can be chemically differentiated from environmental blanks. More importantly, this residual odor is distinct from the odor left behind by living individuals. This reinforces that the chemical features associated with death are not simply variations of normal human scent but are compositionally distinct.92, 93 
While the chemical analysis revealed clear differences between deceased and living residual odor, canine performance during the odor recognition tests was inconsistent. Most dog teams did not reliably alert to the gauze exposed to deceased individuals, despite the presence of compositionally distinct volatile profiles. Given that dogs have been shown to detect certain volatile compounds at concentrations as low as 1.1–1.9 parts per trillion in real-world tasks, this inconsistency is unlikely to reflect a limitation in olfactory sensitivity.94 Instead, it points to a training discrepancy, suggesting that residual odor may fall outside the range of odor profiles that canines are routinely conditioned to detect. These findings highlight the need to incorporate residual odor scenarios into HRD canine training and certification protocols, particularly given the forensic importance of detections in the absence of visible remains.
[bookmark: _Toc205789813]2.5.2 Experimental Validity and Trial Effects
Although Trial 2 samples showed a slight but consistent offset across all groups, external standard performance remained stable (Figure 2.2 B). This suggested the variation was likely due to minor handling differences or biological variability rather than instrumental drift. Concerns about odor “creep” from adjacent cans were also evaluated by comparing blank samples based on proximity to odor sources. Only two features differed slightly between near and far blanks (Figure 2.3). This indicated that cross-sample transfer of volatile compounds was minimal. These results support the integrity of the experimental setup and reinforce that observed chemical differences reflect true group-level variation.
[bookmark: _Toc205789814]2.5.3 Core Features Associated with Decomposition
To isolate chemical features consistently influenced by exposure to deceased individuals, a two-way analysis of variance (ANOVA) was performed using sample class (target vs. distractor/blank), trial, and their interaction as independent factors. This approach was used to separate class-driven variation from batch-related noise and to determine whether any features showed stable, reproducible group differences across experimental runs. A total of 178 features met the significance threshold after Bonferroni step-down correction (adjusted p < 0.05) for at least one factor. Among these, 10 features were significantly associated with exposure class alone, meaning their intensities differed between deceased and living samples in a consistent manner across all trials, without being influenced by trial effects or class-by-trial interaction.
These features were not necessarily exclusive to the deceased samples, but their intensity patterns were consistently and significantly different in the deceased group, suggesting a strong association with postmortem volatile profiles. An additional 48 features showed effects of both class and trial, indicating possible sensitivity to experimental conditions while still reflecting group-level differences. No features exhibited a significant interaction between class and trial, supporting the reproducibility of decomposition-related chemical variation across trials. As visualized in Figure 2.4 his analysis highlights a subset of features whose intensity is strongly influenced by exposure to deceased individuals and minimally affected by procedural variability. These results provide statistical evidence for consistent chemical differences linked to postmortem odor and offer a targeted set of features for further classification and validation.
Previous studies of decomposition odor have documented a wide range of volatile organic compounds emitted during the breakdown of soft tissue, including aldehydes, ketones, sulfides, short-chain fatty acids, and nitrogenous compounds.85 These studies, often conducted using sorbent tubes, swabs, or soil sampling near advanced decomposition stages, have demonstrated that decomposition produces a complex and dynamic volatilome influenced by microbial activity, substrate interactions, and environmental conditions.95 Additionally, VOC profiles have been shown to vary significantly depending on the biological matrix and sampling method, reinforcing the importance of standardized substrates in volatilome analysis.96 The current study adds to this body of work by identifying a specific subset of features that are statistically associated with exposure to deceased individuals and remain stable across donors and trials. Importantly, these features were detected in passive gauze samples exposed to recently deceased individuals prior to active decomposition, highlighting a potential early-phase odor profile that has received limited attention in the literature.
[bookmark: _Toc205789815]2.5.4 Analytical and Methodological Strengths
This study used headspace SPME GC–MS, unlike many prior analyses that relied on sorbent tubes or tissue sampling. The Orbitrap’s high mass accuracy, full-scan capability, and strong resolving power reduce spectral overlap and improve compound differentiation in complex VOC mixtures, making it well suited for untargeted volatile analysis in forensic and environmental contexts.97 The use of a standardized, clean substrate (washed medical gauze) further minimized environmental noise and allowed for clearer differentiation between exposure types. Together, these methodological refinements enabled detection of early-stage decomposition signals that may otherwise be obscured using more complex or contaminated substrates. These findings are particularly relevant in forensic contexts where residual odor may be the only remaining trace of human presence.
[bookmark: _Toc205789816]2.5.5 Limitations and Forensic Implications
Tentative classification of the 10 features most strongly associated with postmortem groups revealed that several belonged to chemical classes plausibly linked to decomposition processes. These included volatile organosulfur compounds, phenolic derivatives, nitrogen-containing heterocycles, and short- to medium-chain fatty acid-like structures. Organosulfur volatiles, such as thiols and sulfonated alcohols, are consistent with microbial degradation of sulfur-containing amino acids like cysteine and methionine.84, 95 Phenolic compounds such as cresols are also well-documented in decomposition and reflect protein catabolism and microbial transformation.98, 99 Additionally, multiple fatty acid-like compounds were detected, consistent with lipid breakdown or microbial fermentation.92, 100
These classifications were derived based on predicted molecular formulas generated by Seven Golden Rules and interpreted through manual literature searches of known decomposition-related volatiles.27 No fragmentation data or authentic standards were available, and thus the assignments remain putative. However, the recurrence of biologically plausible classes across multiple features strengthens the interpretation that these compounds reflect underlying biochemical processes specific to decomposition, rather than random environmental or handling artifacts.
While this study demonstrates the utility of untargeted high-resolution metabolomics for chemically characterizing residual human odor, several limitations remain. Compound classifications were made at the molecular formula and chemical class level, without confirmation by authentic standards or MS/MS fragmentation, and therefore remain putative. Additionally, how long these volatiles remains unknown; future work should explore how these profiles change over time and under different environmental conditions. Expanding the scope of materials, substrate types, and decomposition contexts will also be essential for establishing reproducible chemical baselines.
Despite these limitations, this study provides one of the first chemical validations for residual odor linked to human decomposition. The ability to distinguish trace-level volatile features from both environmental blanks and living human scent reinforces the credibility of canine alerts in forensic searches. As analytical techniques continue to improve, integrating chemical profiles into HRD dog training and validation protocols could enhance both reliability and legal defensibility in real-world applications.
[bookmark: _Toc205789817]2.6 Conclusion
This study provides empirical evidence that target residual odor can be chemically differentiated from both environmental blanks and the VOC profiles of living individuals. Using untargeted high-resolution GC-MS, a subset of statistically significant features was identified and putatively classified into compound classes consistent with known decomposition processes. These results offer chemical validation for the existence of residual human odor detectable by HRD canines, supporting their continued forensic utility. This evidence also points to a potential role for chemical analysis in informing canine training and validation practices, and it underscores the importance of future research to further characterize residual odor across varied conditions. Although canine alerts to residual odor were inconsistent in this study, the presence of distinct chemical profiles suggests that performance variability is more likely due to training limitations than to a lack of olfactory sensitivity.
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3.1 Abstract
[bookmark: _Hlk195601228][bookmark: _Hlk169789158][bookmark: _Hlk169788150]Neurodegenerative diseases (NDDs) are multifactorial disorders frequently associated with gut dysbiosis, oxidative stress, and inflammation; however, the pathophysiological mechanisms remain poorly understood. We investigated bacterial and metabolic dyshomeostasis in the gut microbiome associated with early disease stages across three NDDs—amyotrophic lateral sclerosis (ALS), Alzheimer’s disease (AD), Parkinson’s disease (PD)—and healthy controls (HC) and discovered a previously unrecognized link between a microbial-derived metabolite with an unknown role in human physiology, 2,3-dihydroxypropane-1-sulfonate (DHPS), and gut dysbiosis in NDDs. DHPS was downregulated in AD, ALS, and PD, while bacteria involved in DHPS metabolism, Eubacterium and Desulfovibrio, were increased in all disease cohorts. Additionally, select taxa within the Clostridia class had strong negative correlations to DHPS, suggesting a potential role in DHPS metabolism. A catabolic product of DHPS is hydrogen sulfide, and when in excess, it is known to promote inflammation, oxidative stress, mitochondrial damage, and gut dysbiosis, known hallmarks of NDDs. These findings suggest that cryptic sulfur metabolism via DHPS is a potential missing link in our current understanding of gut dysbiosis associated with NDD onset and progression. As this was a hypothesis generating study, more work is needed to elucidate the role of DHPS in gut dysbiosis and neurodegenerative diseases.
[bookmark: _Toc205789820]3.2 Introduction
[bookmark: _Hlk196812504][bookmark: _Hlk187912773][bookmark: _Hlk195601321]Neurodegenerative diseases (NDDs) such as Alzheimer’s disease (AD), amyotrophic lateral sclerosis (ALS), and Parkinson’s disease (PD) are among the leading causes of disability and death worldwide, with devastating personal and societal consequences.101, 102 In the U.S., the economic burden of these diseases exceeds USD 400 billion annually.103-105 Despite decades of research, the cause of NDD, broadly, and of ALS, AD, PD, specifically, remains poorly understood.
[bookmark: _Hlk196816442]In humans and in animal models, AD, ALS, and PD are associated with irregularities in the gut microbiome and its metabolic byproducts (the metabolome), compared to healthy controls (HCs). 106-119 Imbalances in the gut microbiome and metabolome can be greatly influenced by extrinsic epigenetic factors (e.g., chemical exposure).120 The human gut harbors millions of microbes whose community composition and metabolic byproducts influence human health and may play a significant role in mediating the onset or progression of neurodegenerative diseases (NDDs). 121-124 including inflammatory responses in the body and the brain.125 Recent studies have begun comparing gut (fecal) metabolomic profiles across these three diseases.126 Of particular interest in the present study was the identification of metabolites produced solely by gut microbiota, and not by the human host, called microbial-derived metabolites. We sought to identify microbial-derived metabolites shared by AD, ALS, and PD, with the potential to identify a common pathway that influences neurodegeneration. These metabolites may offer insight into microbiome–brain interactions, inform biomarker discovery for earlier diagnosis, and help identify targets for intervention in disease-related metabolic pathways.
In untargeted metabolomics, a substantial proportion of detected features remain unidentified due to limitations in spectral databases, insufficient structural information, and the vast chemical diversity of biological samples. This uncharacterized space, often referred to as the “dark metabolome”, represents a major frontier in systems biology and analytical chemistry.2, 3 The dark metabolome includes unknown or novel compounds, metabolites without available standards, or molecular features with ambiguous elemental formulas. Despite the lack of full identification, these unknowns often display consistent, biologically relevant patterns across experimental groups and can be used in classification models, statistical testing, and exploratory pathway analysis.127, 128 Increasingly, researchers are recognizing that excluding unidentified features can obscure important biological insights, particularly in complex diseases like those involving host–microbiome interactions.129, 130 In this study, we incorporated both identified and unidentified spectral features into our analysis to maximize biological signal capture and to better understand the metabolic disruptions associated with AD, ALS, and PD.
[bookmark: _Toc205789821]3.2.1 Microbial and Metabolic Dysbiosis Associated with NDDs
[bookmark: _Toc205789822]3.2.1.1 Alzheimer’s Disease
Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by extracellular deposition of amyloid-beta 42 (Aβ-42) and intraneuronal aggregation of hyperphosphorylated tau (p-tau).131, 132 These pathologies are believed to occur early in disease progression and may be modulated by genetic factors, neuroinflammation, and synaptic dysfunction, eventually leading to widespread neurodegeneration and cognitive decline.133-135 
In animal models, significant gut metabolomic differences have been observed between AD and healthy controls (HC).136-138 and fecal microbiota transplantation (FMT) from healthy donors has reduced AD pathology.139 In humans, the AD gut microbiome differs significantly from controls, with altered abundances of Actinobacteria, Bacteroidetes, Firmicutes, Proteobacteria, and Verrucomicrobia.140-147 These changes often involve increased pro-inflammatory and decreased anti-inflammatory taxa.148 AD has also been associated with metabolomic alterations in short-chain fatty acids (SCFAs), tryptophan metabolites, and lithocholic acid, as well as broader shifts in organic acids, lipid metabolism, steroid biosynthesis, and piperidine pathways.115, 149 Volatile organic compound (VOC) profiles vary by AD progression, further distinguishing gut chemistry from that of HCs.114
[bookmark: _Toc205789823]3.2.1.2 Amyotrophic Lateral Sclerosis
Amyotrophic lateral sclerosis (ALS) is a motor neuron disease involving degeneration of upper and lower motor neurons, leading to progressive muscle weakness, spasticity, and impaired bulbar function. The ALS gut microbiome shows increased Bacteroidetes and decreased Firmicutes, including reduced Megamonas abundance.117 These shifts are accompanied by disruptions in metabolic pathways relative to controls. Bacteroidetes and Escherichia have been implicated in multiple studies as potentially contributing to ALS pathology.126 Fewer studies have examined the fecal metabolome of ALS, but several suggest disease-related changes. For example, altered bile acid profiles have been reported in ALS patients with cognitive impairment, and other studies found associations with metabolites such as propanoic acid, 3,7-dihydroxy-12-oxochenoic acid, coproporphyrinogen I, and 4-hydroxybenzoylcholine, along with reductions in acylcarnitine.116, 117 In the first case study of a female ALS patient who underwent washed microbial transplants, researchers measured improvements in ALS symptomology over 11 months, concurrent with changes in the microbiome and metabolomics.150
[bookmark: _Toc205789824]3.2.1.3 Parkinson’s Disease
Parkinson’s disease (PD) is clinically diagnosed by characteristic motor symptoms (e.g., bradykinesia, resting tremor, rigidity), and pathologically by loss of dopaminergic neurons in the substantia nigra pars compacta and the presence of α-synuclein-rich Lewy bodies.151-154 While the etiology is multifactorial, inflammation and gut dysbiosis are increasingly recognized as contributing factors.152, 155 Multiple studies report significant alterations in the PD gut microbiome compared to controls.156 For instance, PD patients on dopaminergic treatment exhibit reduced taxa linked to anti-inflammatory or neuroprotective metabolites, along with altered levels of lipids, vitamins, and amino acids.110 Taxonomic shifts in PD include increased Actinobacteria, Proteobacteria, and Verrucomicrobia, with decreases in Bacteroidetes and Cyanobacteria.110 PD is also marked by a dominance of pathogenic Proteobacteria like Enterobacteriaceae and loss of Firmicutes and Bacteroidetes, correlating with inflammation. Fecal metabolomics in PD has shown substantial differences, some of which correlate with clinical phenotypes and gut inflammatory markers.106, 108-112, 119, 157
[bookmark: _Toc205789825]3.2.2 Gut Imbalances, Inflammation, Oxidative Stress, and Mitochondrial Dysfunction
The gut maintains constant communication with the rest of the body, and imbalances in the metabolome can contribute to systemic inflammation, oxidative stress, and mitochondrial dysfunction—key mechanisms implicated in the pathology of NDDs.158, 159 One relevant example is hydrogen sulfide (H₂S), a metabolite involved in sulfur metabolism with important physiological roles.160 In the human gut, H₂S is primarily produced by microbial genera such as Desulfovibrio and Bilophila.161-163. However, excessive endogenous H₂S has been linked to inflammation, oxidative stress, mitochondrial damage, and gut dysbiosis.162, 164-168 Dyshomeostasis in sulfur metabolism has been well documented in PD, and excess H₂S has also been implicated in AD pathology.107, 169-171 As a result, the microbial regulation of oxidized sulfur compounds is gaining attention in health and disease contexts.160, 172
The objective of this study was to identify microbial and metabolic signatures in the human gut associated with three NDDs (AD, ALS, PD) and healthy controls using 16S rRNA sequencing and untargeted metabolomics in a cross-sectional cohort. To capture early-stage alterations, we enrolled patients in the earlier phases of their respective diagnoses. Our aim was to uncover shared disruptions in microbial communities and metabolomic profiles that may serve as early biomarkers or targets for intervention.
[bookmark: _Toc205789826]3.3 Materials and Methods
[bookmark: _Toc205789827]3.3.1 Ethics Statement
This study was approved by the institutional review board (IRB) of the University of Tennessee Health Science Center for the protection of human subjects (IRB#4535).
[bookmark: _Toc205789828]3.3.2 Study Population
[bookmark: _Hlk187999576]Participants were recruited during their first or second visit to a movement disorder specialist for ALS, AD, or PD who were living in the 21-county regional service area of the University of Tennessee Medical Center, in Knoxville, Tennessee. Participation was voluntary, and only those who were willing and able to complete the study activities (with a caregiver if needed) were included. Participants were excluded if they had received antibiotic or systemic antifungal medications in the previous six months or had a history of bowel cancer or bowel disease. Further inclusion criteria for each cohort were as follows: (1) For AD: 65 years of age or older, met all clinical criteria for mild-to-moderate AD according to the National Institute on Aging-Alzheimer’s Association criteria, were otherwise in good health based on medical history and clinical examination; (2) ALS: age of 30 years or older at enrollment, and met the El Escorial Criteria for definite, probable, or possible ALS; (3) PD: aged 50 to 85 years at enrollment, diagnosed within the last 5 years, absence of PD medications with the exception of MAO-B inhibitors, absence of dyskinesia or motor fluctuations, modified Hoehn and Yahr Stage  <2.5 (symptoms ranging from unilateral involvement only [Stage 1] to mild bilateral involvement with recovery on a pull test [Stage 2.5]); and (4) HC: aged 30 or older, who were age matched (±4 years) and sex-matched, and in good health based on medical history and clinical examination. 173 174, 175 HC aged 65 years or older completed the Neuropsychological Battery from the National Alzheimer’s Coordinating Center  prior to enrollment to demonstrate normal cognition.176
This study took place in South Central Appalachia in East Tennessee of the United States. On 33 out of 41 health indicators, performance in the rural Appalachian Region is worse than the national performance, including seven of 10 leading causes of death (heart disease, cancer, chronic obstructive pulmonary disease, injury, stroke, diabetes, and suicide).177 Mortality rates are higher than the national rates in Appalachia, yet there have been few studies conducted in Appalachia. This study offers data and provides insight from an underrepresented and unique region of the USA.
[bookmark: _Toc205789829]3.3.3 Subjects Were in Early Diagnostic Stages
Participants were recruited early in disease progression (See Table 3-1 for additional demographics) at neurology clinics of the University of Tennessee Medical Center in Knoxville, Tennessee. Participants were non-Hispanic Caucasians (100%). None of the participants had taken antibiotic or systemic antifungal medications in the previous six months. None had a history of bowel cancer or bowel disease. Healthy controls > 65 years of age demonstrated normal cognition without signs of dementia on cognitive tests. The ALS and PD cohorts were not tested for normal cognition. From summer 2021 to spring 2022, 48 participants enrolled, and 45 completed the study. Of these, 40 submitted stool samples (AD = 5, ALS = 11, PD = 13, and HC = 11).
[bookmark: _Toc205989274]Table 3‑1 Demographics of study participants.
	
	ALS
	AD
	PD
	HC

	Number
	11
	5
	13
	11

	Age in years mean (range)
	72.5 (71–74)
	64.5 (43–77)
	65.5 (51–80)
	66.1 (45–87)

	Female
	4
	3
	9
	8

	Male
	8
	2
	4
	6

	BMI mean (range)
	25.4 (17.7–28.8)
	27.7 (19.2–37.8)
	28.3 (22.4–39.5)
	30.1(20–58.4)

	Taking medications for NDD
	69%
	100%
	7%
	0

	Months from symptom onset: average (range)
	27.2 (6–82)
	35.7 (30–117)
	31.6 (15–57)
	

	Months from diagnosis: average (range)
	16.9 (1–64)
	18.3 (9–68)
	3 (0–20)
	

	MoCA score (average)
	
	19.8
	
	26.5

	Clinical Dementia Rating Scale raw (average)
	
	2.75
	
	0

	Clinical Dementia Rating Scale global (average)
	
	0.42
	
	0

	ALS bulbar
	23%
	
	
	

	ALS spinal
	77%
	
	
	

	UPDRS-part I (average)
	
	
	6.9
	

	UPDRS-part II (average)
	
	
	6.7
	

	UPDRS-part III (average)
	
	
	33.9
	

	UPDRS-part IV (average)
	
	
	0
	



Table 3-1 Continued
	UPDRS gastrointestinal symptoms (average)
	
	
	0.23
	

	Hoehn and Yahr
	
	
	2.0
	


ALS = amyotrophic lateral sclerosis, AD = Alzheimer’s disease, and PD = Parkinson’s disease; MoCA = Montreal Cognitive Assessment, where 18–25 = mild cognitive impairment, 10–17 = moderate, and <10 = severe cognitive impairment; NDD = neurodegenerative disease; UPDRS = Unified Parkinson’s Disease Rating Scale. The Clinical Dementia Rating Scale Global tracks a patient’s level of impairment/dementia, where 0 = normal, 0.5 = very mild dementia, 1 = mild dementia, 2 = moderate dementia, and 3 = severe dementia.


[bookmark: _Toc205789830]3.3.4 Sample Collection, Preservation, DNA Extraction
Samples were collected at home by participants within one week of enrollment. Participants were instructed to place stool from the same specimen into two vials as follows: (1) the DNA Genotek® gut microbiome DNA collection kit (DNA Genotek, Stittsville, ON, USA) and (2) a 50-mL sterile tube, which was immediately frozen at home at −20 °C. Stool samples were delivered frozen on ice by same-day courier service, to the University of Tennessee College of Nursing’s biobehavioral laboratory for nucleic acid extraction. Samples were stored at −80 °C.
From the DNA Genotek® kits, DNA extraction was conducted in batches, using Zymo’s Quick-DNA Fecal/soil Microbe Kit (Zymo Research, Irvine, CA, USA). Extractions were frozen at −80 °C, then shipped on dry ice to the University of North Carolina (UNC) Chapel Hill High Throughput Sequencing Facility (HTSF) for 16s rRNA/DNA sequencing.
From the 50-mL sterile tubes, approximately 50 mg of stool was aliquoted to sterile tubes, kept frozen at −80 °C, then transferred to the Biological and Small Molecule Mass spectrometry Core at the University of Tennessee Knoxville (BSMMSC) for metabolomics extractions and analysis.
[bookmark: _Toc205789831]3.3.5 Metabolite Extractions
All samples were extracted and analyzed at the BSMMSC at the University of Tennessee Knoxville (RRID: SCR_021368). Stool samples were kept at 4 °C, pre-weighed, and homogenized. The exact mass of stool used for sample was recorded and used for normalization. Roughly 50 mg of stool was aliquoted, and water-soluble metabolites were extracted using an acidic acetonitrile extraction procedure adapted from Rabinowitz and Kimball, using 1.5 mL of 4:4:2 acetonitrile–methanol–water with 0.1 M formic acid.178, 179  All solvents were HPLC grade. The supernatant collected from each sample was dried under nitrogen, then 300 µL of LC-MS grade water was added to each sample before mass spectral analysis.
[bookmark: _Toc205789832]3.3.6 UHPLC-HRMS
A previously described ultra-high performance liquid chromatography high resolution mass spectrometry (UHPLC-HRMS) method was used for untargeted metabolomics analysis, using an UltiMate 3000 RS autosampler (Dionex, Sunnyvale, CA, USA), Synergi 2.6 µm Hydro RP column (100 mm × 2.1 mm, 100 Å; Phenomenex, Torrance, CA, USA), an UltiMate 3000 pump (Dionex), and Exactive Plus Orbitrap mass spectrometer (Thermo Fisher Scientific, Waltham, MA, USA).180 A previously described 25 min gradient elution, reverse phase ion-paring method with a water–methanol solvent system, and a tributylamine ion pairing reagent was used for chromatographic separation.181 Metabolites were ionized via negative mode electrospray ionization (ESI) prior to full scan mass spectral analysis as previously described.180
[bookmark: _Toc205789833]3.3.7 Metabolomics Data Processing - Knowns
Raw mass spectral files were converted to mzML files using a package from ProteoWizard, msConverter.182 All mzML files were imported into an open-source software, metabolomics analysis, and visualization engine (El-MAVEN), where metabolites were manually identified using an in-house library based on exact mass (5 ppm) and retention time (2 min).179, 183, 184 Metabolite peaks were integrated and raw peak intensities for identified metabolites were exported from El-MAVEN to a csv file. Prior to statistical analysis, raw spectral data were normalized by mass of sample used for extraction.
[bookmark: _Toc205789834]3.3.8 Unidentified Spectral Features
Raw spectral files were converted to mzML format using the msConvert package from ProteoWizard and then each mzML was zipped individually.21 Zipped mzML were uploaded to MetaboAnalyst 5.0.24, 25 Within the Spectra Processing tab, the parameters were as follows. UPLC-Orbitrap was selected for the platform. Peak picking used the centWave-auto algorithm with a minFraction of 0.8 for peak alignment in negative mode. Also, contaminant removal was allowed from the chromatogram. The data was deisotoped and deadducted and input into a csv for further statistical analysis.
[bookmark: _Toc205789835]3.3.9 Statistical Analysis
Normalized data were imported into MetaboAnalyst 5.0, where they were filtered using the interquartile range (IQR), log-transformed, and Pareto scaled.185-187 Partial least squares discriminant analysis (PLS-DA) was used to examine how metabolic profiles differed across neurological disease groups. To account for increased complexity, a third component was included to visualize separation in a 3D PLS-DA. Variable importance in projection (VIP) scores were calculated to assess each metabolite’s contribution to group separation, with VIP > 1 considered significant. Venn diagrams were constructed from metabolites with VIP > 1 across pairwise comparisons, and volcano plots were generated to visualize features with significant fold-changes and p-values between groups. For further chemical characterization, molecular formulas were assigned using the Seven Golden Rules software based on raw data exported from MetaboAnalyst.24, 25, 27 The resulting formulas were saved to a CSV file and processed using a custom script in Python 3.9 to generate SMILES strings, available via GitHub.34, 188
[bookmark: _Toc205789836]3.3.10 16s rRNA Sequencing
In this study, we implemented a detailed two-step protocol for 16S rRNA gene amplification prioritizing high precision and reproducibility across numerous samples.189 The initial PCR reaction was meticulously configured, utilizing specific volumes of Kapa Enhancer, Kapa Buffer A (KAPA Robust 2G-Roche), forward and reverse Frame Shift Molecular Tags (FSMT) primers (Table 3-2), and other necessary components, culminating in a total reaction volume of 50 µL. The use of KAPA Robust 2G in the initial PCR reaction is necessary to prevent artifacts caused by non-specific extension from imperfectly annealed primers. The FSMT primers, comprising six frames for both 338F and 806R types, were carefully mixed. To streamline the handling of multiple samples, a ‘ready-mix’ comprising essential Kapa components was prepared. This strategy was instrumental in reducing batch effects, particularly when utilizing reagents from different Kapa kits. The ready-mix was then allocated into aliquots, each adequate for a 96-well plate. The first PCR cycle’s conditions were meticulously programmed to include specific durations and steps for denaturation, annealing, and extension, set at 95 °C for one minute, followed by 10 cycles of 95 °C for 15 s, 50 °C for 30 s, and 72 °C for 30 s, then 72 °C for one minute to complete extension for all molecules, and a final indefinite hold at 4 °C. Post-PCR, bead purification was performed to selectively exclude DNA fragments shorter than 300 bp, employing a 0.68:1 bead-to-DNA ratio. The second nested-PCR phase (indexing) followed a similar methodology but with modifications in the reaction components, such as the Kapa HiFi Readymix (KAPA HiFi -Roche, Basel, Switzerland) and specific Adaptor_primer1 and indexing primers. The cycling conditions for this phase were set at 95 °C for one minute, followed by 22 cycles of 95 °C for 15 s, 60 °C for 30 s, and 72 °C for 30 s, concluding with 75 °C for one minute and an indefinite hold at 4 °C. Finally, for 16S sequencing, we used a series of custom-designed primers, chosen for their specificity and amplification efficiency. Prepared libraries were pooled and sequenced on MiSeq Pair End 2 × 300 v2 flowcell (Table 3-2). We generated a minimum of 120,000 paired reads per sample for analysis.
[bookmark: _Toc205789837]3.3.11 16S Data Processing and Analysis
16S amplicon sequencing was performed using the moving pictures documentation in QIIME2.190 Briefly, sequences were imported into QIIME2 (version 2023.2). Paired-end sequences were denoised with DADA2. Trimming values were set; p-trim-left was set to 20, p-trim-len was set to 220, and sampling depth was set at 120,000 sequences. Finally, an OTU table was produced for downstream analysis. Traditional microbial ecology analyses, such as alpha diversity and beta diversity, were also performed. In addition, taxonomic classification of the reads was performed in the QIIME2 using Silva 138 99% 
[bookmark: _Toc205989275]Table 3‑2 16s Primers and sequences.
	Primer
	Sequence

	338F_f1_bc1
	TCCCTCGCGCCATCAGAGATGTGTATAAGAGACAGNNNNTGANNNNTCACTCCTACGGGAGGCAGCA

	338F_f2_bc1
	CCCTCGCGCCATCAGAGATGTGTATAAGAGACAGNNNNTTGANNNNTCACTCCTACGGGAGGCAGCA

	338F_f3_bc1
	TCCCTCGCGCCATCAGAGATGTGTATAAGAGACAGNNNNCTTGANNNNTCACTCCTACGGGAGGCAGCA

	338F_f4_bc1
	TCCCTCGCGCCATCAGAGATGTGTATAAGAGACAGNNNNACTTGANNNNTCACTCCTACGGGAGGCAGCA

	338F_f5_bc1
	TCCCTCGCGCCATCAGAGATGTGTATAAGAGACAGNNNNGACTTGANNNNTCACTCCTACGGGAGGCAGCA

	338F_f6_bc1
	TCCCTCGCGCCATCAGAGATGTGTATAAGAGACAGNNNNTGACTTGANNNNTCACTCCTACGGGAGGCAGCA

	JMPM_806R_C
	GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTNNNNCTAGGACTACHVGGGTWTCTAAT

	JMPM_806R_2T
	GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTNNNNTCTAGGACTACHVGGGTWTCTAAT

	JMPM_806R_2A
	GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTNNNNATCTAGGACTACHVGGGTWTCTAAT

	JMPM_806R_G
	GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTNNNNGGACTACHVGGGTWTCTAAT

	JMPM_806R_A
	GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTNNNNAGGACTACHVGGGTWTCTAAT

	JMPM_806R_T
	GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTNNNNTAGGACTACHVGGGTWTCTAAT

	Adaptor_prim1
	AATGATACGGCGACCACCGAGATCTACACGCCTCCCTCGCGCCATCAGAGATGTG 

	PCR Primer, Index X 
	CAAGCAGAAGACGGCATACGAGATXXXXXXGTGACTGGAGTTCAGACGTGTGCTC 

	NextF_Read1_seq 
	GCCTCCCTCGCGCCATCAGAGATGTGTATAAGAGACAG 








OTUs full-length sequences.
Relative abundances from operational taxonomic units (OTUs) were analyzed on the phylum, class, order, family, and genus levels. QIIME taxonomy labels with corresponding abundances were uploaded to MicrobiomeAnalyst, and the data were scaled by total sum prior to statistical and meta-analysis of microbiome data.187 Alpha diversity was accessed at the genus level by Chao, Shannon, and Simpson indexes, with the Mann–Whitney test used to determine if alpha diversity differed across cohorts. Stacked bar graphs were used to visualize OTU relative abundances across cohorts. Pairwise comparisons between cohorts were made using the statistical method EdgeR. OTU correlations were analyzed using either Pearson’s r or Spearman’s rho correlation coefficients.
[bookmark: _Toc205789838]3.4 Results
[bookmark: _Toc205789839]3.4.1 Global Metabolomics For Identified Features
Untargeted metabolomics was used to investigate functional alterations in the gut metabolome associated with NDDs. We identified 164 metabolites based on exact mass and retention time and evaluated metabolic profile differences between each NDD and HC using PLS-DA, which revealed that each NDD had a unique gut metabolic profile compared to HC (Figure 3.1a-c). To determine metabolites altered by NDD, metabolites from each pairwise comparison with a fold change > |1.5| (p < 0.1) or variable importance in projection (VIP) score > 1 were used for further analysis. These metabolites were also used to identify unique metabolic signatures for each NDD. This revealed 14, 20, and 9 

[bookmark: _Toc205989436]Figure 3.1 Patients with NDDs have an altered gut metabolic profile. Partial least squares discriminant analysis (PLS-DA) comparing metabolomes associated with NDD and HC and corresponding variable importance in projection (VIP) scores. Individual participants are shown with respective confidence intervals; HC samples are yellow; (a). AD samples are blue; (b). ALS samples are shown in red; (c). PD samples are purple. VIP scores are shown for the corresponding PLS-DA models showing the top 25 metabolites contributing most to the differences in metabolic profiles.
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unique markers for AD, ALS, and PD, respectively. Moreover, we identified 19 metabolic markers, which were consistently altered across all three NDDs in this study.
[bookmark: _Toc205789840]3.4.2 Alzheimer’s Disease
Based on the PLS-DA model between the AD and HC metabolomes, the overall metabolic profile of the gut in AD patients was distinctly different from HC, as seen by the clustering and separation of groups (Figure 3.1a). Metabolites with the highest VIP scores, contributing most to global metabolome differences, were uridine monophosphate (UMP) (2.8), inosine monophosphate (IMP) (2.5), and taurine (2.4). We observed that 29% of identified metabolites in the gut were altered by AD, and 14 of these metabolites were unique to AD. Notably, the primary catabolic product of vitamin B6 (4-pyridoxate), S-ribosyl-L-homocysteine, 3-methylphenylacetic acid, and metabolites involved in fatty acid and energy metabolism (carnitine, hydroxylysine, FMN) were unique to AD. Metabolic profile differences in AD demonstrated altered sulfur metabolism, with downregulation of cysteine, taurine, methionine, homocysteine, and DHPS, while sulfur containing B vitamins, biotin and pyridoxine, were increased in the AD cohort compared to HC (Figures 3.2a).
[bookmark: _Toc205789841]3.4.3 Amyotrophic Lateral Sclerosis
Similarly, the ALS cohort also exhibited global gut metabolome differences compared to HC, as shown in Figure 3.1b. Metabolites contributing most to differences between cohorts were N-acetylglucosamine phosphate (VIP = 2.6), cholesterol sulfate (VIP = 2.4), 2-isopropylmalate (VIP = 2.3), and kynurenic acid (VIP = 2.2) (Figure 3.2b). 
[bookmark: _Toc205989437]Figure 3.2 There were 19 metabolic markers for all NDDs in this study, as well as unique markers for each disease. DHPS was one of the 19 markers for NDDs, as it was significantly decreased in NDD cohorts. DHPS was strongly correlated to acetylated amino acids and taurine. (a–c) Volcano plots showing metabolites significantly different between cohorts. The x-axis is the log2 foldchange and y-axis is the -log p value. The following cutoffs were used: fold change > |1.5| (p < 0.1). (d). Venn diagram shows unique and shared metabolic markers. These metabolites had fold change > |1.5| (p < 0.1) or VIP score > 1. (e). Metabolites strongly correlated with DHPS in PD. (f). Eight OTUs were significantly correlated with DHPS across all three NDDs. These OTUs were the following: OTU136 (d__Bacteria;p__Firmicutes;c__Clostridia;__;__;__); OUT127 (d__Bacteria;p__Firmicutes;c__Clostridia;o__Clostridia;f__Hungateiclostridiaceae;__); OTU121 (d__Bacteria;p__Firmicutes;c__Clostridia;o__Oscillospirales;f__Oscillospiraceae;g__Oscillospira); OTU091 (d__Bacteria;p__Firmicutes;c__Clostridia;o__Oscillospirales;f__UCG-010;g__UCG-010); OTU045 (d__Bacteria;p__Firmicutes;c__Clostridia;o__Clostridia_vadinBB60_group;f__Clostridia_vadinBB60_group;g__Clostridia_vadinBB60_group); OTU060 (d__Bacteria;p__Bacteroidota;c__Bacteroidia;o__Bacteroidales; f__Marinifilaceae;g__Odoribacter); OTU050 (d__Bacteria;p__Firmicutes;c__Clostridia;o__Oscillospirales;f__Oscillospiraceae;__); and OTU038 (d__Bacteria;p__Firmicutes;c__Clostridia;o__Oscillospirales;f__[Eubacterium]_coprostanoligenes_group;g__[Eubacterium]_coprostanoligenes_group).
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Overall, 34% of identified metabolites were significantly altered in the ALS cohort: of these, histadinol and CDP-choline were increased, while all other metabolites were decreased. Similar to AD, we observed that ALS caused alterations in tryptophan metabolism, sulfur metabolism, and acetylated amino acids in the gut (Figure 3.2b) There were 19 metabolites unique to ALS, including metabolites involved in tryptophan metabolism (xanthurenic acid, kynurenic acid), vitamin B6 (pyridoxine), and energy, fatty acid, and amino acid metabolism (creatine, creatinine, arginine, CDP-choline, and glycodeoxycholate). Interestingly, creatine metabolism was unique to the ALS cohort, with no notable alterations in AD or PD cohorts.
[bookmark: _Toc205789842]3.4.4 Parkinson’s Disease
The most dramatic alterations in the gut metabolome were found when comparing the PD to HC cohort, with 35% of identified metabolites being altered by PD (Figure 3.1c). Phenyllactic acid (2.6), CMP (2.3), 2-isopropylmalate (2.3), sucralose (2.2), and UMP (2.1) had the highest VIP scores, contributing most to the global metabolome differences between the PD and HC cohorts in the PLS-DA model. Similar to both AD and ALS, PD caused alterations in sulfur, tryptophan, vitamin B, and acetylated amino acid metabolism. Other notable differences in the PD gut metabolome include downregulation of taurine, alanine, nicotinate and nicotinamide, and cysteine and methionine metabolism (Figure 3.2c). Conversely, biotin, sucralose, 3-methylthiopropionate, and histidinol were upregulated in PD (Figure 3.2d). There were 10 unique metabolic markers associated with PD, including xylose, lysine, xylitol, and N-acetyl-beta-alanine. The most dramatic alterations in neurotransmitters (5-Hydroxyindoleacetic acid (5-HIAA), dopamine, 3,4-dihydroxyphenylacetate (DOPAC)) were observed in the gut metabolome of PD patients.
[bookmark: _Toc205789843]3.4.5 Neurodegenerative Disease Metabolic Markers
There were 19 metabolites altered by the three NDDs in the study, serving as metabolic markers for AD, ALS, and PD (Figure 3.2d). Many of these metabolites were involved in sulfur and vitamin B metabolism (DHPS, taurine, 3-methylthiopropionate, cholesterol sulfate, sulfolactate, and biotin). DHPS is a microbial-derived metabolite and was on average 9× lower (p < 0.05) in the NDD cohorts compared to the HC cohort (Figure 3.2e). We also observed that DHPS had strong correlations to acetylated amino acids and metabolites involved in neurotransmitter, bile acid, and vitamin B metabolism (Figure 3.2e).
[bookmark: _Toc205789844]3.4.6 Sequencing (16s rRNA)
The microbial composition of stool samples from NDD and HC patients was characterized via 16S amplicon sequencing. Differences in alpha diversity (Figures 3.3) were only observed when comparing the PD and HC cohorts, with PD having higher alpha diversity (p = 0.02). The analysis of OTUs revealed phylum-level differences in the abundance of Firmicutes in PD (53%) compared to HC (67%) stool, while Firmicutes displayed minimal differences in ALS and AD cohorts (Figure 3.3). Phylum Actinobacteria was unchanged in AD but increased in PD and ALS compared to HC patients. Differences within the Firmicutes phylum in PD could broadly be attributed to genus Eubacterium. There were six taxa significantly altered across all NDDs compared 
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[bookmark: _Toc205989438]Figure 3.3 Gut microbial composition is altered in NDDs. (a) Phyla-level differences in microbial composition. (b) Box and whisker plot showing alpha diversity was significantly higher in PD cohort compared to the HC cohort. However, there were no significant differences in the AD and ALS cohort compared to HC. (c) Log2 fold change of taxa significantly altered across AD, ALS, and PD cohorts. Orange represents higher abundance in disease compared to HC, while blue represents lower abundance in disease compared to HC.







to HCs: Desulfovibrio, Eubacterium, Akkermansia, Paludicola, Sellimonas, and Enterococcus (Figures 3.3). All of these taxa were more abundant in the NDD cohorts than HC, except for Enterococcus, which was higher in HC.
To assess the relationship between gut microbial composition and function in NDDs, we identified OTUs correlated with metabolites that were significantly different in NDDs. Microbial-derived metabolite DHPS was consistently and significantly altered in NDDs and there were 33, 43, and 15 OTUs significantly correlated with DHPS in PD, AD, and ALS, respectively, all having negative correlations. Of these, eight OTUs were correlated with DHPS across PD, AD, and ALS, and all were part of the Firmicutes phylum (class Clostridia), except for one belonging to the Bacteroidetes phylum (Figure 3.2).
[bookmark: _Toc205789845]3.4.7 Unidentified Spectral Features
In addition to identified metabolites, we examined the distribution of unidentified spectral features across disease groups to better understand the global composition of the gut metabolome. An UpSet plot (Figure 3.4a) was generated to visualize the presence and overlap of unknown features between cohorts. A total of 3,357 features were uniquely present in the Alzheimer’s disease (AD) group, 2,022 were unique to amyotrophic lateral sclerosis (ALS), and 1,172 were unique to Parkinson’s disease (PD). In contrast, 388 features were shared between AD and ALS, 410 between ALS and PD, and 287 between AD and PD. Notably, 314 features were consistently present across all three disease groups, suggesting a conserved set of unidentified compounds broadly associated with neurodegeneration.
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[bookmark: _Toc205989439]Figure 3.4 (a) UpSet plot showing the presence and overlap of unidentified spectral features between Alzheimer’s disease (AD), amyotrophic lateral sclerosis (ALS), and Parkinson’s disease (PD) cohorts. A total of 3,357 features were unique to AD, 2,022 to ALS, and 1,172 to PD. There were 388 features shared between AD and ALS, 410 between ALS and PD, 287 between AD and PD, and 314 features common to all three groups. (b–d) 3D partial least squares discriminant analysis (PLS-DA) plots comparing AD vs. healthy controls (HC), PD vs. HC, and ALS vs. HC based on unidentified features. Shaded ellipses represent 95% confidence intervals.






In addition to known metabolites, unidentified spectral features exhibited clear metabolic distinctions among NDD cohorts and healthy controls. Using the same processing and statistical thresholds as applied to identified metabolites, we performed PLS-DA, which revealed distinct clustering between each NDD cohort and healthy controls (Figure 3.4b-d). To further assess disease-specific differences, features with a fold change > |1.5| and p < 0.1 were used to construct a Venn diagram highlighting unique and shared alterations across AD, ALS, and PD (Figure 3.5). These results were consistent with the patterns observed in known metabolites, supporting the conclusion that disease-related metabolic shifts extend into the unannotated portion of the gut metabolome.
[bookmark: _Toc205789847][bookmark: _Toc205789846]3.5 Discussion
3.5.1 Metabolome Alterations in NDDs
While it has become widely accepted that gut dysbiosis is a contributing factor in NDDs, the pathophysiological mechanism remains elusive. This is, in part, due to the complexity of the gut microbiome and metabolome and “dark matter” in host–microbiome interactions. This “dark matter” represents the vast amount of detected, but unidentified, small molecules in the metabolome. These analytes likely impact human physiology, highlighting the need for better understanding the small molecules involved in host–microbiome interactions in the gut. To this end, we used an untargeted, hypothesis-generating approach to investigate gut microbiome alterations in NDDs.
As expected, we observed differences in the gut microbiome composition and function in patients with NDDs (AD, ALS, and PD) compared to HCs. The presented data align with
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[bookmark: _Toc205989440]Figure 3.5 Overlap of significantly altered unidentified spectral features across neurodegenerative disease (NDD) cohorts. A Venn diagram displays the number of unidentified features significantly altered (fold change > |1.5|, p < 0.1) in Alzheimer’s disease (AD), Parkinson’s disease (PD), and amyotrophic lateral sclerosis (ALS). While each NDD cohort showed a distinct set of altered features, some overlap was observed between pairs of diseases. No features were significantly altered across all three disease groups.






previous findings in the literature that sulfur metabolism, tryptophan catabolism, bile acids, and amino acids are altered in NDDs.109, 191-193 We identified 19 consistent markers for AD, ALS, and PD, as well as metabolic signatures unique to each NDD.
Carnitine was a metabolic signature unique to AD and is known to play a crucial role in energy metabolism and mitochondrial function. Dietary-carnitine supplements have been proposed for prevention or alleviation of AD.194 In ALS, creatine and creatinine were unique signatures and decreased in ALS. Creatine has been proposed to exhibit protective effects against mitochondrial dysfunction and may also be neuroprotective as it has been linked to increased survival time in an ALS clinical trial.195
Two of the unique metabolic signatures for PD were decreased xylose and xylitol, indicating impaired sugar metabolism. Xylose and xylitol feed into the pentose phosphate pathway (PPP) resulting in the production of NADPH, pyruvate, and shikimate, which are building blocks for some branched chain and aromatic amino acids and antioxidants. This result is compelling since neurons preferentially use the PPP for sugar metabolism and rely on the metabolic products of the PPP for protection against oxidative stress.196 Decreased flux through the PPP results in reduced antioxidant capacity and increased oxidative stress, which is a leading hypothesis for pathogenesis of PD.197
The 19 metabolic markers for NDD showed significant alterations in sulfur, cholesterol, sugar, and vitamin B metabolism. To our surprise, one of these markers was DHPS, a sulfonated microbial-derived metabolite known for its role in sulfur and carbon flux in marine ecosystems, with an unknown role in human physiology.198, 199 With this, we have discovered a novel link between microbial-derived metabolite DHPS and NDDs, as DHPS was a significant driver of global metabolome differences when comparing NDD and HC cohorts. To the best of our knowledge, we are the first to provide data linking DHPS to three NDDs—AD, ALS, and PD—thereby demonstrating a potential role of DHPS in human physiology.
[bookmark: _Toc205789848]3.5.2 Unidentified Metabolites Reflect Disease-Specific Patterns
In addition to annotated metabolites, a substantial number of unidentified spectral features from the "dark metabolome” also demonstrated disease-specific patterns across NDD cohorts.2 An UpSet plot revealed thousands of features unique to individual diseases, including 3,357 for AD, 2,022 for ALS, and 1,172 for PD, with 314 features consistently detected across all three NDDs. These consistent patterns suggest the presence of a conserved set of uncharacterized compounds broadly associated with neurodegeneration. Although these features could not be structurally identified, their presence in multiple disease states implies potential biological relevance. Compound identities may still be resolved through continued development of annotation pipelines or complementary fragmentation-based approaches.
Importantly, PLS-DA of these unidentified features revealed clear separation between disease groups and healthy controls, mirroring the patterns observed with known metabolites. Although the unknown features greatly outnumbered the knowns, their biological interpretation remains limited without structural annotation. Notably, most of the identified metabolites in our library are concentrated around central carbon metabolism, which may restrict the breadth of detectable pathway-level alterations. In contrast, the unknowns likely capture a broader range of chemical diversity. The consistent group separation observed with these features suggests they may contain meaningful, yet uncharacterized, disease-associated signals. Their ability to differentiate cohorts reinforces the idea that substantial metabolic information remains embedded in this unannotated fraction of the dataset. These results not only support but also extend the findings from the known metabolite PLS-DAs, demonstrating that disease-specific clustering is not confined to identified compounds alone.
To further evaluate disease-specific differences, significantly altered unknowns (fold change > |1.5|, p < 0.1) were visualized using a Venn diagram. Most altered features were specific to a single disease, with limited overlap between groups. This seems to highlight the specificity of metabolic disruption in each NDD. Notably, no unknown features met significance criteria across all three diseases, in contrast to the 19 shared markers identified among known metabolites. This absence is striking and may reflect higher individual variability in the expression of unannotated features or subtler shifts in abundance that do not meet conventional thresholds for statistical significance. It also raises the possibility that shared unannotated compounds may exist but are altered in opposite directions or inconsistently across patients, which could mask their contribution in group-level comparisons.
These findings align with previous studies showing that unidentified metabolites can reflect meaningful biological variation despite lacking structural annotation.1, 200 Incorporating this broader chemical space may offer a more complete view of the metabolic alterations associated with complex, multifactorial disorders such as NDDs. As analytical methods and annotation pipelines improve, the potential to uncover novel biomarkers and mechanistic insights from these currently unknown features remains a promising frontier in untargeted metabolomics.
[bookmark: _Toc205789849]3.5.3 Cryptic Sulfur Metabolism in NDDs
All detected metabolites in the transsulfuration pathway were decreased in NDD cohorts, except for cystathionine. Rapid conversion of homocysteine to cystathionine could suggest increased fluxes in sulfur metabolism, as previous work using longitudinal metabolome data and constraint-based modeling of gut microbial communities has shown increased flux in the transsulfuration pathway in PD.107 This pathway generates glutathione and H2S, which impact redox metabolism. Increased fluxes through sulfur metabolism may be indicative of excess H2S which, at low concentrations, is neuroprotective and cytoprotective. However, at high levels, H2S induces mitochondrial damage, oxidative stress, systemic inflammation, and gut dysbiosis. 162, 168 201 Although we do not have direct results on mitochondrial bioenergetics, our findings may support the current hypothesis that the increased burden of oxidative stress caused by mitochondrial dysfunction leads to neuroinflammation.202 It has been documented that NDDs share the common feature of defective endoplasmic reticulum (ER)–mitochondria signaling that disrupts the proper function of mitochondria and contributes to pathology of NDDs. Disruptions to effective signaling occur where regions of the ER closely associate with mitochondria through mitochondria-associated membranes (MAMS) as well as proteins.203 Mitochondria play critical roles in cellular function, not only as the powerhouses of the cell, but also in maintaining Ca2+ homeostasis, apoptosis, lipid synthesis, cell growth and differentiation, and the production of reactive oxidative species.159, 204-206
In addition to metabolites in the transsulfuration pathway, other sulfur-containing metabolites, DHPS and taurine, were significantly altered across NDDs. We found this to be intriguing as oxidized sulfur-containing small molecules represent an underappreciated class of unique, biologically relevant metabolites in host–microbiome interactions.172 It has been discovered recently that these molecules play a significant role in cellular signaling and impact disease-related phenotypes, thereby bringing oxidized sulfur metabolites to the forefront of enhancing our understanding of the pathophysiological impact of host–microbiome interactions.172, 207-210 Since the role of DHPS in human physiology and NDDs is unknown, we identified metabolites and OTUs significantly correlated with DHPS. Five metabolites (taurine, vanillin, histidinol, N-acetylornithine, and sucrose/trehalose), and eight OTUs were significantly (p < 0.01) correlated with DHPS in each NDD cohort. All of the significantly correlated OTUs belonged to phylum Firmicutes (orders Clostridia and Oscillospirales) except for one, which belonged to the phylum Bacteroidetes (genus Odoribacter). All of these microbes have been directly linked to metabolizing dietary sulfur to H2S.211, 212 Together, the metabolites and OTUs correlated with DHPS suggest that DHPS is involved in cryptic sulfur host–microbiome metabolism in NDDs.
[bookmark: _Toc205789850]3.5.4 DHPS Microbial Metabolism in NDDs
Frommeyer and colleagues annotated genes required for a novel bacterial transaldolase pathway by which select gut microbes (Enterococcus, Clostridium, Desulfovibrio, and Eubacterium strains) can ferment dietary sulfoquinovose (SQ) to H2S with DHPS as a transient intermediate.162 SQ is obtained through the intake of leafy greens and vegetables containing the lipid sulfoquinovosyl diacylglycerol (SQDG), which is a highly abundant sulfur-containing metabolite common in photosynthetic plants and cyanobacteria. In addition, Hanson and colleagues reported that DHPS contributes to intestinal H2S production, and that Eubacterium rectale (E. rectale) is the primary DHPS producer, while Desulfovibrio and Bilophila are the primary DHPS consumers, in fecal microcosms from human vegetarians.162  They identified genes necessary for microbial catabolism of diet-acquired SQ to H2S and analyzed the expression of these genes across stool metatranscriptomes of 123 healthy, 28 ulcerative colitis, and 50 Crohn’s disease patients to identify the overall impact on health.162 However, they found no significant differences in the expression of these pathways between cohorts with bowel disease and healthy individuals.162
Eubacterium rectale plays a significant role in promoting inflammation and damaging tissue in the gut.213 We found that the genus Eubacterium was increased in PD, ALS, and AD, and it was one of the eight OTUs strongly correlated with DHPS across all three diseases (Figure 3.3). Additionally, sulfate-reducing bacteria (SRB), such as Desulfovibrio, generate H2S, and have previously been implicated in the development and severity of PD.169 Here, we observed Desulfovibrio were significantly altered in PD, ALS, and AD and were more abundant in patients with NDDs (Figure 3.3). Additionally, taurine was strongly correlated with DHPS and significantly decreased in NDDs and can also be obtained through dietary sources and degraded by Desulfovibrio and Bilophilia to acetyl-CoA and H2S. Other studies have also implicated Bilophilia wadsworthia in PD altering microbial sulfur metabolism, yet the etiology remains elusive.107, 109, 214, 215 Disrupted sulfur metabolism in NDDs could result in increased flux through DHPS and taurine, promoting overgrowth of SRB and excess H2S. This may explain why DHPS-producing and -consuming microbes are increased in NDDs, while DHPS is decreased.
While we do not have dietary information from participants, it has become fairly accepted that the gut microbiome composition and function in NDDs are influenced by dietary habits and nutrition.216 Since diet-acquired SQDG from leafy greens can be bioconverted to DHPS by select microbes in the gut, we hypothesize that diet corresponds to DHPS and sulfur homeostasis in NDDs. Given this, it is imperative to investigate the outcomes of a plant-based diet in NDDs patients.
[bookmark: _Toc205789851]3.5.5 Melainabacteria Could Be Associated with DHPS-Mediated Cryptic Sulfur Metabolism in NDDs
In 2013, a novel class of microbes, Melainabacteria, were discovered in the human gut.217 Melainabacteria are a non-photosynthetic clade of cyanobacteria and their role in the human gut and physiology is largely unknown.217-220 This is of particular interest in our study as SQDG is highly abundant in cyanobacteria. The abundance of Melainabacteria in gut is correlated with diet as the highest abundances of Melainabacteria in stool have been found in herbivore populations, with lower abundances in omnivore and carnivore populations suggesting that Melainabacteria have a role in fermenting dietary plant fibers.217 This may also provide another connection of DHPS to diet.
Furthermore, a partial metabolic reconstruction from Soo et al. (2014) of Gastranaerophilales, one of the six major taxonomic orders within the Melainabacteria class, is predicted to use the Embden–Meyerhof pathway to acquire energy by fermenting simple carbohydrates, and DHPS was positively correlated with trehalose in this study suggesting a link between DHPS and Gastranaerophilales.219 This metabolic reconstruction also revealed that Gastranaerophilales have the genes required for the biosynthesis of B vitamins (biotin, riboflavin, nicotinamide, and dihydrofolate) and vitamin K, which could demonstrate a beneficial relationship between Melainabacteria and humans.217, 219, 221 The basis for the symbiotic relationship between Thalassiosira pseudonana and Roseobacters in aquatic systems was vitamin B12 and DHPS.198 Given that Melainabacteria are suggested to have a syntrophic H2-producing niche, it is likely that these microbes can degrade dietary sulfonates. In addition, a previous study has shown that Gastranaerophilales is one of the main producers of microbial-derived indole leading to increased indole in PD.222 We found that DHPS was negatively correlated with both biotin and metabolites involved in indole metabolism. The majority of preliminary studies show a trend of increased Melainabacteria abundance in patients with metabolic, neurodegenerative, and gastrointestinal disease, though results in the literature are still inconsistent, as understanding the role of Gastranaerophilales in the human gut remains in its infancy.221, 223 In this study, we found that the abundance of Gastranaerophilales was increased in PD, ALS, and AD compared to the HC cohort. This contradictory evidence highlights the need to further investigate the role of Melainabacteria. In addition, Gastranaerophilales was strongly correlated to Desulfovibrio. This may suggest that Gastranaerophilales plays a role in DHPS metabolism since Desulfovibrio has the cellular machinery to both produce and degrade DHPS. With this, we propose there could be a relationship between Melainabacteria and DHPS, given the phylogenetic similarity to cyanobacteria and the negative correlation between DHPS and biotin.
[bookmark: _Toc205789852]3.5.6 Potential Physiological Role of DHPS
Previous studies have laid the foundation for investigating DHPS in human metabolism by elucidating the biochemical mechanism of DHPS production and degradation in the human gut and directly linking dietary sulfonates to H2S production; however, the data did not demonstrate an association between DHPS, or the genes involved in DHPS metabolism, and human health outcomes.162, 199, 212 Recently the first report of direct DHPS detection in human stool samples and highlighted a compelling connection between DHPS and gut metabolic dysregulation.224  This study investigated the systemic impact of e-cigarette and/or combustible tobacco/marijuana smoking in people living with HIV (PLWH). They observed that DHPS in human stool samples was significantly higher (20×) in the PLWH control cohort compared to the smoking cohorts and noted strong correlations between DHPS and vitamin B, acetylated amino acids, bile acids, and cholesterol metabolism. Both e-cigarette use/smoking and NDDs are associated with gut dysbiosis and inflammation.225 Although strictly correlative in both studies, DHPS was significantly increased in the control cohorts and decreased in the cohorts associated with gut dysbiosis. This conserved trend across independent datasets may indicate that DHPS abundance in human stool is associated with overall health status or gut dysbiosis and inflammation, rather than being unique to NDDs. Therefore, we hypothesize that DHPS is a missing link in the pathophysiology of inflammation, as it may be a key regulator of gut inflammation and overall human health.
[bookmark: _Toc205789853]3.5.7 Limitations
[bookmark: _Hlk196818912][bookmark: _Hlk196818965]This study lays the foundation for future discoveries on the role of specific bacterial taxa and their metabolite DHPS; however, there are some notable limitations. First, all patients were sampled in the same geographic location of Eastern Tennessee and the surrounding Appalachian Mountains, and recruitment during the pandemic was slow, resulting in small sample sizes, particularly in the AD population, who were not seen in person for several months during the pandemic, which explains the lower age distribution of the AD cohort. In addition, all the patients were Caucasian. Combined, this limits the generalizability of the conclusions. Future studies should include measures of dietary intake to better investigate the role of diet and its influence on DHPS production, as well measuring plasma markers of inflammation to see how peripheral inflammation may relate to DHPS. Additionally, DHPS not being included in the metabolite library used for analyte identification is likely why other NDD and human health studies have not reported similar implications of DHPS. Given this, we encourage others to mine previously analyzed datasets for DHPS and include DHPS in the metabolite reference library for future studies to aid in elucidating the physiological role of DHPS. While this study describes a remarkably well-conserved and novel association across different neurodegenerative diseases, this study is limited by not being able to define these findings as causative, given the exploratory nature of untargeted metabolomics.
[bookmark: _Toc205789854]3.6 Conclusions
In this study, we investigated bacterial and metabolic dyshomeostasis in the gut associated with AD, ALS, and PD using an integrative cross-omics approach. In addition to annotated metabolites, we found that unidentified spectral features also reflected disease-specific patterns, providing further support for global metabolic disruptions in neurodegeneration. Herein, we present the first linkage of DHPS, a microbial-derived metabolite, to gut dysbiosis associated with NDDs, which may contribute to dyshomeostasis in sulfur metabolism. DHPS-consuming and -degrading microbes are more abundant in NDDs, while DHPS is decreased (Figure 3.6). We hypothesize that the decrease in DHPS in NDDs may be a result of increased flux through the recently identified transaldolase pathway in which dietary sulfonates are metabolized to DHPS and H2S by select gut microbes, including Eubacterium and Desulfovibrio. Excess H2S, resulting from increased flux through DHPS, may contribute to mitochondrial 
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[bookmark: _Toc205989441][bookmark: _Toc420995910][bookmark: _Toc422997497]Figure 3.6 DHPS can be obtained through dietary consumption of leafy greens and degraded to H2S. The abundance of DHPS-producing and -consuming microbes is increased in NDD, while DHPS is decreased in NDD, suggesting the rapid degradation of DHPS to yield H2S. Other microbes (Enterococcus and Clostridium) can ferment dietary sulfoquinovose (SQ) to H2S with DHPS as a transient intermediate as well. Figure was created using biorender.com and adapted from Hanson et al..162


dysfunction, oxidative stress, inflammation, and gut dysbiosis in NDDs. While there is substantial literature on the physiological impacts of H2S, we have reported a novel link among DHPS, gut dyshomeostasis, and NDDs.215, 226, 227 These findings highlight the need for further investigation into the role of cryptic sulfur metabolism via DHPS, as DHPS may serve as a missing link in our current understanding of gut dysbiosis and its association with NDD onset and progression. In conclusion, this study lays the groundwork for developing DHPS-based diagnostic tools and microbiome-modulating therapies to detect and potentially intervene in the early stages of neurodegenerative diseases.
[bookmark: _Toc205789855]CONCLUSION
The benefits of using untargeted metabolomics in both environmental and biomedical research have been highlighted in this dissertation. Untargeted metabolomics enables detection of thousands of small molecules, many of which remain unidentified, yet still offer powerful insight into biochemical variation across systems. This approach allows for investigation of both known and unknown chemical signals, expanding our understanding of biological and ecological processes without relying solely on compound annotation. While interpretation of unidentified features remains a challenge, the consistent patterns observed across studies reinforce the value of spectral data as a sensitive marker of group-level differences.
In the first chapter of this dissertation, metabolomics was applied to evaluate how land management practices shape soil chemistry. Despite a limited number of identified metabolites, clear separation was observed between soil types based on spectral features alone. These chemical differences reflected changes in nutrient cycling and microbial activity, particularly in relation to organic acids and phosphorus-related elemental ratios. This study demonstrates how metabolomics can capture shifts in soil function that are not always apparent through traditional elemental analysis.
The second chapter examined whether volatile organic compounds (VOCs) associated with deceased human odor could be chemically distinguished from those associated with living individuals or environmental blanks. Headspace SPME-GC-MS analysis of gauze samples revealed a small set of spectral features consistently associated with decomposition exposure. These findings provide one of the first chemical validations of residual human odor and support its relevance in forensic detection by human remains detection (HRD) dogs. The results also emphasize the importance of incorporating chemically validated training aids into HRD protocols.
The third and final chapter of this dissertation explored the gut metabolome in patients with Alzheimer’s disease (AD), amyotrophic lateral sclerosis (ALS), and Parkinson’s disease (PD). Both identified and unidentified metabolites differentiated neurodegenerative disease cohorts from healthy controls. These findings suggest that metabolic dysregulation extends into the unknown fraction of the metabolome, reinforcing the value of untargeted methods in complex diseases where traditional biomarkers are limited.
Together, these three chapters demonstrate the versatility and strength of untargeted metabolomics for capturing chemical variation across diverse biological systems, from soils and scent to neurodegeneration. Despite differences in sample type and analytical platform, each study revealed meaningful biological patterns through spectral data, even when compound identities remained unknown. Future work that bridges these datasets with microbial, functional, or fragmentation analyses will further deepen our understanding of the processes driving chemical diversity across both ecological and biomedical contexts.
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[bookmark: _Toc205989442]Figure 1.6 VIP scores for the top 15 identified metabolites contributing to group separation among land management practices. Metabolites were selected based on Component 1 of the partial least squares discriminant analysis (PLS-DA), and all shown compounds had VIP scores greater than 1.0. The accompanying heatmap displays the relative abundance of each metabolite across the six soil groups: conventional cultivation (CC), hardwood forest (HF), organic cultivation (OC), pasture, tulip poplar (TP), and white pine (WP). Warmer colors indicate higher normalized abundance. These metabolites include key intermediates in amino acid metabolism (e.g., valine, glutamine), nucleotide turnover (e.g., uracil, thymine), and microbial or plant carbohydrate pathways (e.g., UDP-D-glucose, N-acetyl-glucosamine), highlighting distinct biochemical signatures among land use types.
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[bookmark: _Toc205989443]Figure 1.7 PLS-DA scores plot comparing conventional cultivation (CC) and pasture soils based on metabolomic profiles. The first two components explain 35.7% and 20.4% of the total variance, respectively.
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[bookmark: _Toc205989444]Figure 1.8 Volcano plot showing differential metabolites between conventional cultivation (CC) and pasture soils. Points represent individual spectral features, with color indicating log₂ fold change and size indicating p-value significance.
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[bookmark: _Toc205989445]Figure 1.9 PLS-DA scores plot comparing hardwood forest (HF) and pasture soils based on metabolomic profiles. The first two components explain 30.4% and 18.9% of the total variance, respectively.
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[bookmark: _Toc205989446]Figure 1.10 Volcano plot showing differential metabolites between hardwood forest (HF) and pasture soils. Points represent individual spectral features, with color indicating log₂ fold change and size indicating p-value significance.
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[bookmark: _Toc205989447]Figure 1.11 PLS-DA scores plot comparing organic cultivation (OC) and pasture soils based on metabolomic profiles. The first two components explain 26.4% and 18.7% of the total variance, respectively.
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[bookmark: _Toc205989448]Figure 1.12 Volcano plot showing differential metabolites between organic cultivation (OC) and pasture soils. Points represent individual spectral features, with color indicating log₂ fold change and size indicating p-value significance.
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[bookmark: _Toc205989449]Figure 1.13 PLS-DA scores plot comparing pasture and tulip poplar (TP) soils based on metabolomic profiles. The first two components explain 27.6% and 18.6% of the total variance, respectively.
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[bookmark: _Toc205989450]Figure 1.14 Volcano plot showing differential metabolites between pasture and tulip poplar (TP) soils. Points represent individual spectral features, with color indicating log₂ fold change and size indicating p-value significance.
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[bookmark: _Toc205989451]Figure 1.15 PLS-DA scores plot comparing pasture and white pine (WP) soils based on metabolomic profiles. The first two components explain 24.1% and 20.1% of the total variance, respectively.
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[bookmark: _Toc205989452]Figure 1.16 Volcano plot showing differential metabolites between pasture and white pine (WP) soils. Points represent individual spectral features, with color indicating log₂ fold change and size indicating p-value significance.










[bookmark: _Toc205559622][bookmark: _Toc205989276]Table 1‑1. NPClassifier superclass counts and percentages for each land management type. Categories representing less than 3% of the total features within a group were combined into the “Other” category prior to visualization in pie charts. Counts are based on classified features only; unclassified features were excluded from both counts and percentages.
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