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Abstract

Secondary electrospray ionization high-resolution mass spectrometry (SESI-HRMS) is an 

innovative analytical technique for the rapid and non-invasive analysis of volatile organic 

compounds (VOCs). However, compound annotation and ion suppression in the SESI source has 

hindered feature detection, stability and reproducibility of SESI-HRMS in untargeted volatilomics. 

To address this, we have developed and optimized a novel pseudo-targeted approach, database-

assisted globally optimized targeted (dGOT)-SESI-HRMS using the microbial-VOC (mVOC) 

database, and spectral stitching methods to enhance metabolite detection in headspace of 

anaerobic bacterial cultures. Headspace volatiles from representative bacteria strains were assessed 

using full scan with data dependent acquisition (DDA), conventional globally optimized targeted 

(GOT) method, and spectral stitching supported dGOT experiments based on a MS peaks list 

derived from mVOC. Our results indicate that spectral stitching supported dGOT-SESI-HRMS 

can proportionally fragment peaks with respect to different analysis windows, with a total of 

109 VOCs fragmented from 306 targeted compounds. Of the collected spectra, 88 features 

were confirmed as culture derived volatiles with respect to media blanks. Annotation was also 

achieved with a total of 25 unique volatiles referenced to standard databases allowing for 

biological interpretation. Principal component analysis (PCA) summarizing the headspace volatile 

†Electronic supplementary information (ESI) available: Fig. S1: PLS-DA summarizing the differences in headspace chemical 
profiles among our bacteria cultures, media blanks and VOCQC samples. Fig. S2: Summary of dGOT method performance when 
incorporating three unique target list windows. Fig. S3: Representative head to tail spectra of annotated MSMS features from 
dGOT-SESI-HRMS analysis of bacterial headspace volatiles. Fig. S4: Principal component analyses summarizing each of DDA, 
GOT and DGOT method’s respective ability at distinguishing the volatile differences between GutMix and each representative strain 
supplemented with sucrose. Fig. S5: Heatmap summarizing the relative abundance of the annotated features detected with the dGOT 
method across all of our culture groups. See DOI: https://doi.org/10.1039/d3an01487h

zhu.2484@osu.edu; Tel: +1 614-685-2226.
‡Co-first authors, these authors contributed equally to this project.
Author contributions
Conceptualization, funding acquisition, project administration, resources, supervision writing – original draft and writing – review and 
editing, J. Z.; data curation, formal analysis; F. C., R. X., K. M. investigation, methodology writing – original draft and writing – 
review and editing; F. C., R. X.; critical revision of the manuscript for important intellectual content: all authors. All authors have read 
and agreed to the published version of the manuscript.

Conflicts of interest
The authors declare no conflict of interest.

HHS Public Access
Author manuscript
Analyst. Author manuscript; available in PMC 2024 November 06.

Published in final edited form as:
Analyst. ; 148(22): 5673–5683. doi:10.1039/d3an01487h.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



demonstrated improved separation of clusters when data was acquired using the dGOT method. 

Collectively, our dGOT-SESI-HRMS method afforded robust capability of capturing unique VOC 

profiles from different bacterial strains and culture conditions when compared to conventional 

GOT and DDA modes, suggesting the newly developed approach can serve as a more reliable 

analytical method for the sensitive monitoring of gut microbial metabolism.

Graphical Abstract

1. Introduction

Secondary electrospray ionization (SESI) is an emerging mass spectrometry-based analytical 

technique for the ambient analysis of volatile organic compounds. SESI is able to charge 

volatiles through a gas-phase chemical ionization mechanism that allows detection of the 

neutral gaseous analytes,1 with some reports highlighting SESI’s limit of detection to be as 

low as 0.2 parts per trillion by volume (ppt).1 Given its modularity, SESI can be coupled 

with various commercial mass spectrometers, with the most attractive being high-resolution 

instruments as the improved resolving power offers greater selectivity in feature detection 

which in turn simplifies metabolite identification.2,3 Some Orbitrap based SESI platforms 

further boost the mass spectrometer’s ability to detect volatile metabolites in real-time 
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with resolving powers of m/Δm up to 280 000.3 SESI-based analyses augment our ability 

to probe the volatilome of biological organisms, which can serve as a complementary 

technique to conventional metabolomics analyses and further provide deeper insight into 

metabolic perturbations. The online, non-invasive sampling nature of SESI-high resolution 

mass spectrometry (HRMS) provides robust feature detection that makes SESI-HRMS ideal 

for untargeted and targeted volatilomics studies.4

Exploring the volatilome has expanded our knowledge of biological systems and has 

enabled real-time insight into metabolism. Mass spectrometry has been regarded as one 

of the pivotal analytical methods in metabolomics,5 and coupling SESI to high resolution 

mass spectrometers has paved the way for novel VOC based analyses involving breath 

or bacteria cultures.6,7 Utilizing SESI-HRMS in an untargeted approach can achieve 

broad mass coverage for in-depth insight into the biological system. As no established 

database for SESI-HRMS detected compounds is available, the m/z features detected would 

require validation to confirm their chemical identity. The conventional targeted SESI-HRMS 

approach offers confident identification of the compounds of interest and can provide 

accurate, quantitative measurements.8 However, the validation of the targeted compounds 

is often limited by the availability of authentic standards. To address this technical challenge, 

a novel approach termed globally optimized targeted (GOT)-MS had been developed which 

enables reliable metabolic analyses with broad coverage.9 Meanwhile, in Orbitrap based 

instruments, sampling volatiles from dense matrices often leads to the simultaneous transfer 

of a large number of analytes which induces droplet coalescence as well as competition 

for ionization.10 This leads to overfilling of the C-trap with the most abundant ions while 

limiting accumulation of lower abundance ions, in turn rendering the features’ intensity 

below the detection limit. The ion suppression phenomenon will not only limit coverage of 

prominent VOCs, but also impact SESI-HRMS reproducibility and sensitivity.11

Previous results using the GOT-SESI-MS method have proven to be successful in real-time 

analyses of bacterial volatiles.12 While untargeted analyses are commonly employed in 

mass spectrometry, our approach aimed to capitalize on the wealth of knowledge about 

known bacterial volatiles available in the microbial volatile organic compound (mVOC) 

database, thereby expanding our analyte coverage.13 Meanwhile, to overcome the ion 

competition challenge that hinders the online analyses of volatiles (especially the ones 

at lower concentration), we also implemented the spectral stitching approach using our 

curated inclusion lists to mitigate this phenomenon in our real-time queries of bacterial 

volatiles. Taken together, this study aimed to further develop and optimize a database-

assisted, globally optimized targeted (dGOT)-SESI-HRMS analysis method that combined 

the mVOC database and spectral stitching technique to improve analyte identification and 

coverage in online analyses of VOCs. Furthermore, we cultured representative anaerobic gut 

microbes under different nutrient conditions to assess the efficacy of our spectral-stitching 

supported dGOT-SESI-HRMS method in enhancing current GOT-MS based VOC analysis 

workflows.
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2. Materials and methods

2.1 Chemicals and reagents

LC-MS grade methanol and acetonitrile as well as analytical grade formic acid were 

acquired from Fisher Scientific (Hampton, NH, USA). Volatile organic compound quality 

control (VOCQC) samples were made by diluting chemicals standards of 2-butanone 

(Alfa Aesar, Haverhill, MA), 2-undecanone (Alfa Aesar, Haverhill, MA), 1-octanol (Acros 

Organics, Waltham, MA), 2-heptanone (Acros Organics, Waltham, MA), 2-nonanone 

(Acros Organics, Waltham, MA) in modified Gifu anaerobic medium (mGAM) (HiMedia, 

West Chester, PA, USA) to monitor instrument performance across experiments. These 

compounds were selected as they have not been reported in bacterial cultures and thus would 

not interfere with biological replicates.

2.2 Secondary electrospray ionization high resolution mass spectrometry (SESI-HRMS)

An advanced commercially available secondary electrospray ionization (SESI) source, 

termed SuperSESI (Fossil Ion Tech, Madrid, Spain) was utilized in this study and directly 

attached to a QExactive™ high-resolution mass spectrometer (HRMS) (Thermo Scientific, 

San Jose, CA, USA). Prior to the sampling of volatiles, residual VOCs in the system were 

reduced by baking the sample inlet and ion chamber overnight at 90 °C and 160 °C, 

respectively. A solution comprising of 0.1% formic acid in water was used as an electrospray 

solvent and was emitted from a 20 μm non-coated TaperTip capillary (New Objective, 

Woburn, MA). To examine volatiles from the different cultures’ headspace, the SuperSESI 

source was arranged with previously optimized parameters.14 Briefly, SESI pressure was 

fixed at 1 bar and temperatures of sample inlet and ion chamber were respectively set at 

70 °C and 90 °C. The mass spectrometer parameters were set as the following: sheath gas 

flow rate, 60 arbitrary units; auxiliary gas flow rate, 2 arbitrary units; spray voltage, 3.5 kV; 

ion capillary temperature, 275 °C; and S-lens RF level, 60.0. The mass spectrometer was 

controlled directly using QExactive™ Tune software (version 2.9) in full MS mode. For both 

positive and negative ionization modes, the scan range was set from 50 to 500 m/z; full MS 

microscans of 1 ms; automatic gain control (AGC) target of 1e6 with a high resolving power 

of 140 000 full width at half maximum (FWHM).

2.3 Bacteria culture conditions and analysis of headspace volatiles

Three representative gut bacteria strains, Bacteroides thetaiotaomicron (ATCC® 29148™), 

Escherichia coli (ATCC® 25922™), and Lactobacillus acidophilus (ATCC® 4356™), were 

obtained from American Type Culture Collection (ATCC, Manassas, VA). Fecal bacteria 

isolates (named as gut mix hereafter) were collected from three healthy adult volunteers 

as reported previously15 (the protocol approval was obtained from the Institute Review 

Board, and informed consent was obtained from each individuaI). All cultures were 

initially cultured overnight in modified Gifu anaerobic medium (mGAM) (HiMedia, West 

Chester, PA, USA). The overnight cultures were then inoculated into 20 mL of mGAM 

medium supplemented with either 1% w/v of sucrose or fructose (Thermo Fisher Scientific, 

Pittsburgh, PA, USA), and sealed with a three-port GL45 cap. Headspace volatiles were 

allowed to accumulate overnight at 37 °C in a Coy Laboratories anaerobic chamber 

(Coy Lab, Flint, Michigan, USA). Ultra-high purity nitrogen gas (99.99%) was used 
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as a carrier gas to introduce headspace volatiles from bacteria culture samples to the 

SuperSESI ionization chamber as previously noted.14 To highlight the robustness of our 

SESI-HRMS platform, identical experiments were conducted on various non-consecutive 

days. Experiments were conducted in biological triplicates, with sterile mGAM media 

void of any active cultures serving as blanks. In addition, reproducibility was ensured by 

introducing volatile organic compound quality control (VOCQC) samples into the ionization 

source before and after the tests of biological samples. Final optical density (OD600) 

of bacterial cultures was measured using an ELx808 absorbance plate reader (BioTek, 

Winooski, VT, USA) to estimate culture growth for normalization.

2.4 Data processing and statistical analysis

Preliminary screening of the obtained spectral peaks was achieved using the Quan browser 

module of Xcalibur version 4.0 (Thermo Fisher Scientific, Waltham, MA, USA). Raw mass 

spectrometry data was converted into analysis base file (abf) format16 and imported into 

MS-DIAL17 for peak picking and spectral deconvolution. The acquired features were then 

aligned, and signal intensities were normalized to their respective final culture OD600. 

Individual features were grouped within a mass difference range of 5 ppm to reduce 

redundancy. To eliminate background signal interference, true peaks were determined 

with signal-to-noise ratio >3 with respect to culture medium blanks. Spectra that were 

present in all biological replicates of any culture group were selected for further statistical 

analysis in efforts to reducing random errors. Statistical analyses, including univariate 

T-test, were conducted using the online resource MetaboAnalyst 5.0.18 Partial least squares-

discriminant analysis (PLS-DA) was utilized to visualize overall headspace chemical 

profiles of our cultures. Annotation of features was carried out using an in-house developed 

R code modified from the SODA-MN analysis workflow.19 Accurate mass tolerance for 

identification was established with a PPM tolerance of 10 for precursor m/z’s. MS/MS 

fragments were matched to existing databases,20,21 where spectra that shared at least 4 pairs 

of matched fragment ions were considered as candidates to calculate spectra similarity. A 

cosine score cut-off of 70% was used to confirm annotation. These criteria were slightly 

modified based on previous studies,22,23 with considerations that a specific SESI-HRMS 

compound repository has yet been developed and the specific ionization mechanism of 

SESI-MS remains elusive. In order to enhance the efficiency of analysis and mitigate 

redundancy, a systematic approach was employed to restrict the annotation of the same 

volatile compound in both positive and negative ionization modes. This involved the 

calculation of the neutral mass for similar features, followed by the implementation of a 

redundancy cut-off threshold of 5 ppm. Consequently, volatile compounds exhibiting a mass 

difference of less than 5 ppm were excluded from further annotation, thereby minimizing 

redundancy and ensuring a more focused and streamlined analysis. Data was visualized 

using GraphPad Prism (GraphPad Software, Inc., San Diego, CA).

3. Results and discussion

3.1 Developing the dGOT-SESI-HRMS analytical method with spectral stitching

It is well-known that untargeted can simultaneously measure a large number of metabolic 

features with respect to targeted analyses,24 yet the large amounts of data generated require 
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high performance bioinformatics tools to unravel the intricate metabolic networks in the 

studied biological system.25 Conversely, one can utilize targeted metabolomics workflows to 

analyze predefined sets of metabolites with an increased level of precision and accuracy,26 

however, the crux of this analytical approach is the limited metabolome coverage that arises 

from the finite targeted metabolites typically probed for in the analysis.27 A unique way 

to mitigate drawbacks of both strategies is to utilize globally optimized targeted (GOT) 

approaches by applying both a broad detection of important metabolic features, and then 

converting the extensive knowledge from existing databases to select pre-defined target 

analytes that may be of biological importance.9 While significant strides have been made in 

unraveling the metabolic pathways of bacteria, it is important to acknowledge that much of 

their metabolic ties to volatile metabolites remains unexplored. To elucidate the metabolic 

production of endogenous bacterial volatiles, we sought to further develop the GOT 

method by curating a list of known bacterial volatiles from the publicly available mVOC 

database and then incorporating these targets in our GOT based analytical method.13 The 

database consisted of 306 unique volatile compounds with detailed information regarding 

their molecular formula and spectral information systematically collected and organized.20 

Monoisotopic mass for each compound was calculated from the reported molecular formula 

using an in-house developed MatLab code. For data acquisition, the theoretical m/z for 

each compound was used to construct unique inclusion lists to be used in parallel reaction 

monitoring (PRM) on our Orbitrap instrument.

Meanwhile, efforts have also been made in our study to improve feature stability and 

analysis reproducibility in SESI-HRMS analyses of volatiles.28 Despite optimizing the 

mass spectrometer parameters, it is essential to recognize that ion competition may still 

impact the reproducibility and sensitivity of volatile analyses, particularly when dealing with 

complex mixtures of biological origins. Previous reports have suggested that by leveraging 

the spectral stitching technique, ion competition can be reduced in nano-electrospray 

mass spectrometry-based analyses of dense matrices.29,30 The application of this analytical 

strategy has also been shown to improve metabolic feature detection in Orbitrap based SESI 

studies of volatiles.31 Thus, we constructed SESI-based analytical strategies using various 

staggered m/z inclusion lists to limit ion competition. To establish the unique target list 

window, these selected m/z’s, which serve as representative volatiles from mVOC, were 

subjected to an ascending sorting algorithm based on their specific predicted monoisotopic 

mass. Subsequently, a strategically devised staggered arrangement was implemented for 

each inclusion list to further minimize the likelihood of m/z value overlap. Each inclusion 

list was constructed to reflect a minimum ±1 m/z between any two consecutively targeted 

analytes, thereby ensuring accurate and distinct identification of the individual compounds 

within the complex matrix. In addition, each unique inclusion list was spatially separated, 

with a minimum duration of 30 seconds for each distinct isolation window. In total, each 

analytical method lasted a total of 2 minutes. This framework was the foundation for 

our three unique analytical strategies tested: (i) data dependent acquisition targeting the 

top 10 most abundant ions (DDA); (ii) inclusion list with no spectral stitching (GOT); 

(iii) spectral stitching inclusion list with 6 unique inclusion list windows (dGOT) (Fig. 

1). DDA was implemented in this study as a reference to conventional data dependent 

methods, whereas GOT method was used to pinpoint the direct benefits of the spectral 

Choueiry et al. Page 6

Analyst. Author manuscript; available in PMC 2024 November 06.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



stitching component. Other SESI-HRMS based analyses of volatiles using spectral stitching 

highlighted comparative performance between 6 and 10 optimized inclusion list windows.31 

Our representative volatile list from mVOC consisted of 306 targets. After comparing the 

effects between 3 and 6 inclusion list windows, we chose to limit our dGOT method to 6 

staggered inclusion list windows to directly lower the mass spectrometer’s duty cycle.

3.2 Spectral stitching enhances data acquisition in dGOT-SESI-HRMS

Following the method setup, online analysis of volatiles from the headspace of gut microbial 

cultures was conducted, and partial least squares discriminant analyses (PLS-DA) of the 

VOC data were generated to summarize the overall headspace chemical profiles among 

different sample matrix (Fig. S1†). Distinct and tight clustering of the VOC QC samples 

indicate that the SESI-HRMS platform’s analysis was reproducible on multiple days. In 

addition, independent clustering of the bacterial groups from media blanks confirmed that 

unique, microbial derived volatiles were actively being emitted into the respective cultures’ 

headspace. Data dependent acquisition (DDA) of the top 10 ions was included as a reference 

for the performance evaluation of our pseudo-targeted methods. After sampling headspace 

volatiles from our representative cultures, it was apparent that mVOC relevant MS features 

detected in our analysis were proportional to the number of inclusion list windows employed 

during the spectral stitching setup (Fig. 2A), with a cumulative 109 features detected (and 

with MS/MS spectrum collected) using our dGOT method. In comparison, one inclusion 

list without spectral stitching only provided 54 features with MS/MS information collected. 

DDA method did not provide many useful features, with a total of 4 MS/MS peaks detected 

in both ionization modes when trying to match the globally targeted mVOC compounds. To 

ensure that the analyzed peaks were in fact bacterial derived volatiles, a signal-to-noise ratio 

>3 (bacterial culture vs. medium) was used to confirm all background peaks from media 

are eliminated from the analysis. Consistent with our earlier findings, the number of true 

peaks (after applying the aforementioned signal-to-noise cut off) derived from our bacterial 

cultures increased from 4 in the DDA method to 48 in the GOT method (Fig. 2B). The 

most robust data acquisition was demonstrated when analyzing headspace volatiles using 

the stratified dGOT method with a total of 88 features deemed true peaks. In addition, we 

conducted a performance comparison with a modified dGOT approach featuring 3 inclusion 

list windows. Our results aligned with expectations, as the number of windows exhibited 

a direct proportionality with the detected peaks. Specifically, we successfully acquired a 

total of 77 MSMS peaks, out of which 55 were confirmed as true peaks when utilizing 

the 3-window dGOT method (Fig. S2†). Collectively, our data suggested that the increased 

duty cycle with spectral stitching approach could lead to enhanced data collection efficiency. 

Thus, our analyses were conducted with spectral stitching of 6 inclusion list windows.

†Electronic supplementary information (ESI) available: Fig. S1: PLS-DA summarizing the differences in headspace chemical 
profiles among our bacteria cultures, media blanks and VOCQC samples. Fig. S2: Summary of dGOT method performance when 
incorporating three unique target list windows. Fig. S3: Representative head to tail spectra of annotated MSMS features from 
dGOT-SESI-HRMS analysis of bacterial headspace volatiles. Fig. S4: Principal component analyses summarizing each of DDA, 
GOT and DGOT method’s respective ability at distinguishing the volatile differences between GutMix and each representative strain 
supplemented with sucrose. Fig. S5: Heatmap summarizing the relative abundance of the annotated features detected with the dGOT 
method across all of our culture groups. See DOI: https://doi.org/10.1039/d3an01487h

Choueiry et al. Page 7

Analyst. Author manuscript; available in PMC 2024 November 06.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



3.3 dGOT-SESI-HRMS enables improved annotation of gut microbial volatiles

The identification of the culture derived volatile features could enable additional insights 

into their biochemical origins. While a widely accepted database for the annotation of 

SESI-HRMS acquired volatiles is yet to be developed, it is possible to leverage curated 

spectral information available in established public databases to annotate the MS/MS peaks. 

Herein, we extracted spectral information from the mVOC database when available, in 

combination with fragmentation patterns of chemical standards reported in other established 

databases such as PubChem and HMDB.20,21 Annotation was confirmed using a minimum 

of 4 fragment ions matched with a PPM cutoff of 10 with respect to the standard spectra and 

a cosine score cutoff of 70% for increased confidence in compound identity. Given the low 

number of acquired MSMS features, analysis of volatiles with the DDA method resulted in 

a single identifiable compound (Fig. 3A). A gradual and incremental increase of annotated 

metabolic features was apparent when inclusion list windows were added, with a total of 

15 and 25 unique volatiles annotated in our GOT and dGOT methods, respectively. In 

comparison, the 3-window dGOT method allowed for annotation of 22 unique volatiles (Fig. 

S2†). As expected with improved data acquisition, our optimized dGOT method allowed 

for superior annotation of volatiles. Head-to-tail spectra of dodeca-2-one (Fig. 3B), a ketone 

detected in our analysis of headspace volatiles with a cosine score of 0.83, is provided 

as reference for annotation. Similarly, 4-hydroxybenzenesulfonicacid was also annotated 

with a cosine score of 0.88 (Fig. 3C). A full list of the annotated volatiles from our 

dGOT method is summarized in Table 1, including chemical class, chemical formula, and 

cosine score. Table 1 also includes relative change of abundance between our fructose and 

sucrose supplemented cultures. Additional representative head to tail spectra of annotated 

compounds are presented in Fig. S3.† The annotated compounds encompassed various 

chemical classes such as carboxylic acids, ketones, and alcohols among others, showcasing 

that a SESI-HRMS based screening platform is able to acquire data from a broad range of 

chemicals.

While the diversity of the detected VOC classes is dependent on the heterogeneity of 

bacterial cultures, the abundance of unique chemical groups suggests a broadened coverage 

achieved by dGOT-SESI-HRMS. SESI-HRMS analyses of volatiles have applied feature-

based analyses for biological interpretation.32 Herein, our dGOT-SESI-HRMS method can 

further corroborate those findings by offering putative identification of the analytes. Our 

analysis was able to detect decan-1-ol, 1H-pyrrole and propanamide in our samples, which 

were also reported to be associated with EC when analyzed with gas chromatography-mass 

spectrometry.33-35 Of the annotated volatiles, 5-methyl-oxolan-2-one was reported before 

by GC-MS analyses of fecal headspace samples collected from donors subjected to iron 

supplementation.36 Given that the fecal metabolome can potentially serve as functional 

readout of host metabolism,37 we expect in future studies dGOT-SESI-HRMS could also be 

leveraged for reliable and non-invasive screening of fecal samples to predict meolic status of 

patients.
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3.4 dGOT-SESI-HRMS improves volatilome analyses and uncovers substrate and strain 
associated altered volatiles

The online nature of SESI analyses has rendered it a viable tool for the analyses of real time 

VOCs in various biological systems.38-42 SESI-HRMS platforms have been successfully 

utilized for monitoring changes in the yeast volatilome,43 segregating bacterial cultures 

using the chemical composition of their culture headspace,12 as well as enabling queries 

of lung cancer cells treated with cisplatin.44 Here, we aimed to utilize principal component 

analysis to assess if our newly developed dGOT-SESI-HRMS method improves our ability 

of distinguishing nutrient substrate contributed changes to the metabolic outcomes of gut 

microbes using their headspace VOC profiles. We cultured representative bacteria strains 

Bacteroides thetaiotaomicron (BT), Escherichia coli (EC), Lactobacillus acidophilus (LB), 

and GutMix (GM) for this analysis. Given that the microbial metabolic processes are 

dependent on nutrient availability,45 we conducted experiments using identical bacteria 

strains supplemented with either fructose or sucrose as the energy substrate. Fructose can 

be readily metabolized by bacteria for energy metabolism, whereas sucrose is a disaccharide 

composed of both glucose and fructose linked by a glycosidic bond. By doing so, we aimed 

to gain valuable insights into the method’s capability to differentiate the volatile profiles 

influenced by distinct energy substrates.

Utilizing PCA, we summarized the performance of each analytical method employed in 

distinguishing the volatile changes among our representative strains. When comparing the 

headspace volatiles of our strains cultured with either fructose or sucrose using the DDA 

method, we observed overlap between each substrate condition for all of the bacterial strains 

cultured (Fig. 4). Limited improvement in PCA clustering was evident when utilizing the 

GOT method for data acquisition, suggesting inadequate analytical performance while we 

intend to uncover substrate level changes in the volatile profile. However, upon collecting 

volatiles with the optimized dGOT method, we observed distinct clustering among all of 

our identical strains cultured with either fructose or sucrose as energy substrates. This 

finding underscores the capability of our optimized analytical method in distinguishing 

substrate-level differences in the headspace of our bacterial strains. When considering that 

each molecule of sucrose contains one molecule of fructose linked to one glucose, it is 

reasonable to anticipate an inherent overlap in the metabolic pathways responsible for their 

breakdown after our representative microbes digest the glycosidic bond.46 These results 

provide crucial insights into the efficacy of our dGOT method in capturing the distinction of 

volatile profiles between bacterial cultures subjected to different energy substrates.

After confirming the method’s ability at identifying substrate level differences in the 

volatilome, we sought to determine if our optimized dGOT method is capable of identifying 

strain level differences between bacteria cultured with a similar energy substrate. To 

achieve this, we compared each analytical methods’ performance at identifying strain 

level differences between GutMix and each representative strain cultured with sucrose. 

When comparing the DDA method’s capability to discern unique volatiles in the bacteria’s 

headspace, we observed overlap among all representative bacterial strains when compared to 

GutMix (Fig. S4†). Upon incorporating a target inclusion list, as seen in the GOT method, 

we noted a moderate improvement in the clustering of the groups in PCA. However, it was 
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when we applied the dGOT method that we witnessed an enhancement in the separation 

between the groups. Although some overlap was still present in between the single strains 

and GutMix, the dGOT method displayed the least amount of group overlap in PCA, 

suggesting its ability to distinguish strain-level changes among bacteria-derived volatiles 

in the headspace. An interesting observation was the overlap of strains with the GutMix 

group when comparing the performance of all our analytical methods. We attribute this to 

the complexity of the human microbiome, which comprises a multitude of bacterial strains. 

The GutMix contains active growth of the individually cultured strains analyzed, such as 

LB and EC, leading to partial similarities in the volatile profiles of the cultures, hence 

the observed overlap. These findings shed light on the advantages of the dGOT method 

in effectively unraveling strain-specific variations in bacterial-derived volatiles, providing 

valuable insights into the metabolic intricacies of the microbial community under different 

culture conditions.

To further demonstrate the analytical capability of our dGOT method, we aimed to 

capture the metabolic adaptability of gut microbes using our dGOT-SESI-HRMS approach. 

Specifically, we sought to dig deeper into the volatile profiles of identical bacterial 

strains supplemented with different energy substrates. The volatile profiles of all of our 

experimental groups were compared using a partial least squares discriminant analysis (PLS-

DA), where we observed independent clustering between all analyzed groups (Fig. 5A). 

The dGOT method enables us to unravel subtle metabolic shifts within the gut microbes, 

providing valuable insights into their adaptability and responses to distinct environmental 

conditions. This result highlights the robust discriminatory power of our analytical approach 

in effectively separating the volatile profiles of different bacterial strains under distinct 

culture conditions. A summary of the relative abundance of the annotated features detected 

with the dGOT method is shown in the heatmap in Fig. S5.† Furthermore, to showcase 

the analytical prowess of our newly developed dGOT method, we compared its ability 

to uncover significantly altered features between strains cultured with different substrates. 

In this analysis, the DDA method was only able to identify a single significantly altered 

volatile feature for each of the four representative strains (Fig. 5B). The GOT method 

exhibited a modest improvement, identifying 4 significantly altered features among our 

strains. As anticipated, the dGOT method show-cased a notably superior performance in 

uncovering altered volatiles, revealing a total of 33 significantly altered VOCs across our 

strains (p-value <0.05). In similar fashion, when comparing the ability of our methods 

at providing prominently altered features driving separation of PLS-DA models, we also 

observed a similar trend in the data. When deploying a pair-wise analysis of the strains 

cultured with either fructose or sucrose, DDA revealed 17 features that demonstrated a VIP 

score >1 (Fig. 5C). The addition of an inclusion list in the GOT method improved the 

number of VIP features to 80. Overall, the dGOT method still faired the best, with a total 

of 133 features with a VIP score >1 detected across our culture groups. These findings 

emphasize the enhanced sensitivity and accuracy of our dGOT method in detecting subtle 

changes in the volatile profiles of bacterial strains cultured with different energy substrates. 

The ability to identify a larger number of altered VOCs further underscores the potential 

of our method in elucidating the metabolic adaptability and responses of gut microbes to 

varying environmental conditions.
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As our dGOT method was able to detect an increased number of significantly altered 

features among our representative bacteria strains cultured in either fructose or sucrose, 

we sought to determine if the annotated volatiles could provide valuable insight into the 

chemical nature of volatiles produced by bacteria. Upon analyzing the differences between 

our cultures supplemented with either fructose or sucrose using an enrichment analysis, it 

was evident that fatty esters were the most enriched chemical class in our bacteria cultures 

(p-value = 4.92 × 10−4). While the metabolic mechanisms responsible for endogenous 

VOC synthesis are still being uncovered, we believe that our optimized dGOT approach 

enables advances in our understanding of microbial metabolism and paves the way for more 

comprehensive investigations in microbial metabolism studies.

4. Conclusion

In summary, this study introduced a new SESI-HRMS based analytical strategy, spectral 

stitching supported dGOT-SESI-HRMS, for enhanced analyses of gut microbial VOCs. 

The dGOT-SESI-HRMS retains the advantages of targeted detection for a broader VOC 

metabolite coverage while leverage known microbial VOC database for meaningful volatile 

detection. Implementation of the spectral stitching technique proved vital to improve the 

detection sensitivity of targeted VOCs by allowing analyses to focus on low abundance 

volatiles that would have been suppressed when using DDA methods. Additionally, 

staggering the inclusion list windows in the dGOT method via spectral stitching reduces 

ion competition with respect to the single window used in traditional GOT methods, and 

further improves the performance of SESI-based analyses in probing analyte dense matrices. 

Our method demonstrated a strong capability in semi-global profiling to elucidate the 

volatile differences in headspace of unique gut bacterial strains and culture conditions. 

Importantly, as an established spectral database for SESI-HRMS analyses of volatiles 

has yet to be developed, dGOT-SESI-HRMS provides a novel approach to leverage the 

existing knowledgebase for improved annotation of volatile features. Collectively, our 

newly developed dGOT-SESI-HRMS strategy can play a prominent role in many future 

volatilomics studies by increasing the overall coverage of the volatilome, enhancing the 

identification of unknowns, and improving the sensitivity and quantitative performance of 

analysis to enable improved biological interpretation that is complementary to existing 

techniques.
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Fig. 1. 
Schematic of dGOT-SESI-HRMS analytical strategy with spectral stitching inclusion 

windows; total ion chromatogram depicting relative increase of ions over time as volatiles 

are carried in to the SUPERSESI source. Each chromatogram highlights either traditional 

GOT or each individual dGOT method, with colors reflecting the unique inclusion list 

windows for acquisition. Each colored window consisted of unique PRM inclusion lists used 

for targeting VOCs of interest.
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Fig. 2. 
Comparison of dGOT-SESI-HRMS method performance with respect to the traditional GOT 

and DDA methods, (A) number of MS/MS peaks detected in each method in both positive 

and negative ionization modes and (B) the true MS/MS peaks with signal-to-noise ratio >3.
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Fig. 3. 
(A) Total number of annotated features in the headspace of our bacteria cultures when 

analyzed with each analytical method, (B) and (C) representative head-to-tail spectra of 

(B) dodecan-2one and (C) 4-hydroxybenzenesulfonic acid annotated from the analysis of 

bacterial headspace volatiles.
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Fig. 4. 
Principal component analysis (PCA) summarizing the ability of our dGOT method to 

uncover the differences in headspace chemical profiles among our 4 representative bacteria 

strains cultured with either fructose or sucrose.
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Fig. 5. 
(A) Partial least squares discriminant analysis (PLS-DA) summarizing the differences in 

headspace chemical profiles of all of our representative bacteria strains cultured with 

either sucrose or fructose and analyzed using the dGOT analysis method. (B) Increase in 

the total number of significantly altered VOCs in the headspace of our bacteria cultures 

supplemented with sucrose and fructose cultures when analyzed with the dGOT method. 

(C) Increase in the total number of bacteria VOCs with VIP score >1 in their respective 

PLS-DA models comparing substrate conditions when analyzed with the dGOT method. (D) 

Enrichment analysis highlighting fatty esters as a significantly altered chemical class in our 

bacteria cultures supplemented with fructose with respect to sucrose.
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