
Methods 222 (2024) 81–99

Available online 5 January 2024
1046-2023/© 2024 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-
nc/4.0/).

Microbiome metabolite quantification methods enabling insights into 
human health and disease 

Jarrod Roach a, Rohit Mital b,1, Jacob J. Haffner c,d,1, Nathan Colwell a,1, Randy Coats a,1, 
Horvey M. Palacios c,d,1, Zongyuan Liu a,1, Joseane L.P. Godinho a,1, Monica Ness a,1, 
Thilini Peramuna a,1, Laura-Isobel McCall a,d,e,* 

a Department of Chemistry and Biochemistry, University of Oklahoma 
b Department of Biology, University of Oklahoma 
c Department of Anthropology, University of Oklahoma 
d Laboratories of Molecular Anthropology and Microbiome Research, University of Oklahoma 
e Department of Chemistry and Biochemistry, San Diego State University   

A R T I C L E  I N F O   

Keywords: 
Microbiome metabolite quantification 
Instrumental methods 
Mass spectrometry 
Data processing 
Bile acids 
Short-chain fatty acids 

A B S T R A C T   

Many of the health-associated impacts of the microbiome are mediated by its chemical activity, producing and 
modifying small molecules (metabolites). Thus, microbiome metabolite quantification has a central role in efforts 
to elucidate and measure microbiome function. In this review, we cover general considerations when designing 
experiments to quantify microbiome metabolites, including sample preparation, data acquisition and data pro-
cessing, since these are critical to downstream data quality. We then discuss data analysis and experimental steps 
to demonstrate that a given metabolite feature is of microbial origin. We further discuss techniques used to 
quantify common microbial metabolites, including short-chain fatty acids (SCFA), secondary bile acids (BAs), 
tryptophan derivatives, N-acyl amides and trimethylamine N-oxide (TMAO). Lastly, we conclude with challenges 
and future directions for the field.   

1. Introduction 

Metabolomics is defined as the study of small molecules, including 
those modified, created and consumed by metabolism. Metabolism is 
affected by factors like diet and activity level, but in various species like 
humans, the microorganisms that inhabit the host–collectively called 
the microbiome–also have a critical role [1]. Bacteria are the best- 
studied members of the microbiome on a metabolic level, but the 
microbiome also includes eukaryotes (helminths, protozoa, yeasts, 
fungi), archaea and viruses [2]. The microbiome may alter small mol-
ecules and their properties, including how long they remain at a given 
site in the body, and their effects [3]. The microbiome also produces 
entirely unique metabolites that do not arise without its presence [4]. 
Certain bacteria in the gut produce signaling molecules that affect host 
metabolic gene expression, as in the case of secondary bile acids [5]. The 
microbiome and their effects on metabolism have long-term and wide- 
ranging consequences for the host [6]. For instance, decreased levels 

of gastrointestinal short-chain fatty acids (SCFAs), a major group of gut 
microbiome-derived metabolites, has been associated with Alzheimer’s 
disease [7]. Similarly, stool samples from colorectal cancer patients have 
markedly lower levels of butyrate compared to those from healthy 
people [8]. As such, the examination of microbial metabolism is relevant 
to applications in human health. 

Microbial metabolomics can involve annotation of detected mole-
cules as well as quantification of these molecules. Quantification is often 
performed relative to reference samples, but absolute measurements 
may be taken if needed (for example in the case of a toxicity assessment 
of a certain compound, Table 1). Annotation may be required to gain 
biological insight, like in examining metabolic pathways. In contrast, 
mass spectrometry (MS)-based methods are able to use a combination of 
mass and retention time (or other chromatographic characteristics) to 
quantify a biomarker in clinical samples, even in the absence of anno-
tation or structural elucidation. 

The purpose of this review is to serve as a primer for researchers new 
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to metabolomics who are seeking to discover and quantify novel mi-
crobial metabolites or understand the role of well-studied microbial 
metabolites in human disease through the use of human studies or 
mouse models. We begin by discussing critical considerations for sample 
collection and analysis of microbial metabolites, so that quality data 
may be generated. Additionally, we will discuss some of the most 

common analytical methods used to study metabolites that are directly 
produced or chemically modified by the gut microbiome. From there, we 
will introduce means for identifying whether a metabolite is microbial in 
origin or produced by the mammalian host cells, though we acknowl-
edge that some metabolites will be commonly produced by both 
microbiome and host, and may broadly distribute throughout the body 
[9]. After this, we highlight methods for determining the chemical 
structure of novel metabolites or the annotation of metabolites that have 
been previously studied. We then discuss specific quantitative methods 
for a wide variety of chemical families associated with the microbiome, 
with tools for relative or absolute quantification. Although thousands of 
metabolites have a microbial origin [10], we focus here on some of the 
most-studied classes (Fig. 1), with the strongest current knowledge base 
with regards to human health. We conclude by introducing some of the 
challenges and opportunities for innovation currently associated with 
microbial metabolite quantification. 

2. Critical considerations when setting up microbial metabolite 
quantification studies 

a. Impact of sample collection and metabolite extraction methods. 
Microbes can produce a wide variety of metabolites, ranging from 

small branched-chain amino acids to more complicated molecules like 
bile acids. Additionally, some metabolites are only found in specific 
tissues, or at greater abundance in one tissue compared to another. For 
example, the bile acid tyrosocholic acid can be below the limit of 
detection in cecum, colon, and fecal samples and thus would be missed if 
small intestine samples aren’t collected [11]. Thus, it is crucial to 
consider what sample type, sample collection method, and metabolite 
extraction method would work best for the metabolite(s) of interest 
prior to beginning an experiment. 

Sample storage immediately following sample collection can have a 
dramatic impact on metabolite stability. Only a minority of fecal me-
tabolites are unaffected after 24 h at room temperature, with strong 
effects observed on microbial metabolic activity [22,23]. Higher sta-
bility is observed in urine and serum kept at room temperature, but 
microbially produced branched-chain amino acids show a significant 
change in concentration in less than 24 h [24,25]. Thus, immediate 
quenching of metabolism, for example through snap-freezing samples, is 
usually advisable, though these methods should be designed to minimize 
metabolite leakage from cells [26–28]. Nevertheless, immediate snap- 
freezing may not be practical under field conditions. Storing urine and 
whole blood samples on ice can help reduce changes to metabolite 

Table 1 
Example scenarios of microbial metabolite quantification.  

Project goal Absolute or relative 
quantification 
needed? 

Annotation 
needed? 

Example 
references 

Determine which 
metabolites come 
from the microbiome 

Relative 
quantification may be 
sufficient 

Yes, for 
biological 
insight 

[4,11] 

Identify microorganisms 
producing a specific 
metabolite, or 
conditions in which it 
is produced 

Relative 
quantification may be 
sufficient (even binary 
detected/not-detected 
information may 
suffice, being aware of 
limit of detection 
caveats) 

No [12,13] 

Correlate specific 
microbial metabolites 
with clinical 
outcomes; biomarker 
identification, 
validation and 
implementation 

Initial studies may use 
relative 
quantification, but 
often absolute 
quantification is 
needed for subsequent 
studies 

Not 
necessarily 

[14–16] 

Determine the 
mechanistic role of a 
microbial metabolite 
in disease 
pathogenesis 

Initial studies may use 
relative 
quantification, but 
often absolute 
quantification is 
needed for subsequent 
studies 

Yes [17] 

Analyze metabolism of a 
given drug or food 
product by the 
microbiome 

Relative 
quantification 
initially, which may 
be followed by 
absolute 
quantification, for 
example to assess 
toxicity 

Yes [18–20] 

Assess the toxicity of a 
specific microbial 
metabolite 

Absolute 
quantification 

Yes [21]  

Fig. 1. Example microbial metabolites. Figure generated using ChemDraw software.  
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concentrations until they can be processed or stored into a − 80℃ freezer 
[24,29]. For fecal samples, 95 % ethanol has the largest overlap of 
metabolites with freshly frozen samples for up to four days at room 
temperature [30,31]. Thus, this is a suitable alternative to snap-freezing 
during field collection. Fecal occult blood test (FOBT) cards have also 
shown acceptable performance [30]. Although RNAlater has commonly 
been used to preserve fecal samples for sequencing, it is usually 
considered incompatible with mass spectrometry due to the high salt 
content [30–32], and is likely to decrease Nuclear Magnetic Resonance 
(NMR) spectroscopy sensitivity [33]. Commercial sampling kits 
designed for fecal metabolomics analysis are currently being developed 
[34]. For biofluids, volumetric absorptive microsampling (VAMS) serves 
as a viable means of sample collection at room temperature, with the 
majority of studies reporting stable metabolite concentrations for at 
least a few days following drying, though some metabolite levels are 
affected by 2 h [35–40]. 

Sample storage prior to metabolite extraction and data acquisition 
should minimize freeze–thaw cycles, which can have major impact on 
multiple microbial metabolite classes, including branched-chain amino 
acids [22,24]. Sample lyophilization can likewise lead to significant 
changes in the relative abundance of microbial metabolite classes such 
as short-chain fatty acids and branched chain amino acids [41]. Long- 
term storage (even without freeze–thaw) can still impact the metab-
olome [42]. For example, 20 % of metabolite signals in dried blood spots 
stored at − 20℃ showed differential abundance by storage time, with 
some changes suggestive of degradation [43]. Likewise, some molecules 
such as lipids may oxidize during storage, unless stored under nitrogen 
gas [44]. 

b. Analytical instrumentation and data acquisition best practices. 
As a consequence of the variety of chemical classes produced by the 

microbiome, no single analytical method can analyze all microbial 
products. For instance, liquid chromatography-mass spectrometry (LC- 
MS), one of the most prolific analytical instruments in metabolomics 
research, is not well-suited to analyze microbially-produced short chain 
fatty acids without additional processing steps prior to analysis. There-
fore, methods of data acquisition, which consequently affect sample 
preparation as well, must be considered prior to sample collection. 

Data acquisition following metabolite extraction uses one of two 
main workflows: untargeted or targeted. Untargeted metabolomics aims 
to detect and quantify as many known and unknown metabolites as 
possible within a biological system, given experimental decisions like 
sample type and extraction solvent. Challenges include the high degree 
of diversity in chemical structures and varying concentration ranges 
between metabolites. In contrast, targeted metabolomics focuses on the 
precise and accurate measurement of a predefined set of metabolites. 
This is useful when studying a specific metabolic pathway or validating 
biomarkers identified by untargeted approaches. Other strengths 
include high sensitivity and specificity, quantitative and reproducible 
results, faster data processing and analyses, and suitability for validation 
studies. However, targeted approaches require prior knowledge of the 
metabolites to be measured and are therefore limited to the detection 
and quantification of known metabolites. In all cases, data acquisition in 
randomized order is critical to prevent the introduction of systematic 
effects that would confound data interpretation. 

LC-MS is one of the most used methods for metabolomics analysis in 
microbiome research, allowing for the detection of a wide range of 
compounds, including polar compounds that may be challenging to 
detect using other methods [45–47]. Additionally, LC-MS based 
methods have large libraries of public reference data which can help 
with putatively annotating molecules in untargeted analysis, although 
these libraries tend to be composed of data collected from positive 
electrospray ionization, making annotation of data collected via nega-
tive electrospray ionization more challenging. While a powerful tech-
nique, LC-MS analysis can be complicated by the high degree of sample 
complexity, which can lead to issues with ion suppression and inter-
ference, as well as inter-run and inter-site variability in chromatography 

retention times. 
Gas chromatography-mass spectrometry (GC–MS) is another com-

mon instrument in microbiome metabolomics research (e.g. [48–53]), 
allowing for the identification of volatile and semi-volatile compounds 
in complex mixtures, or derivatized non-volatile compounds. This 
chemical class and size restriction is a major limitation of GC–MS. 
Furthermore, artifacts resulting from derivatization (or uneven deriva-
tization between samples) could impair quantification [54]. On the 
other hand, a strength of GC–MS is the standardized electron ionization 
(EI) conditions, facilitating spectral comparisons between experiments 
over time and to reference libraries. Most GC–MS instruments currently 
in use or in facilities are low-mass-resolution, so they may not provide 
high-confidence annotations, though this is being addressed by tech-
nology such as GC-orbitrap instruments [55]. 

NMR can also be used for microbiome metabolomics due to its non- 
destructive nature, easy sample preparation in bulk material analyses, 
and lack of chemical derivatization requirements [56]. For example, 
short-chain fatty acids and branched-chain amino acids could be studied 
in feces by NMR using simple three-step sample preparation protocols 
[57,58]. NMR can also be advantageous in detecting and characterizing 
compounds that are challenging to analyze with LC-MS, such as sugars, 
organic acids, alcohols, polyols, and highly polar compounds [59–61]. 
Quantification by the addition of chemical standards, also known as 
quantitative NMR (qNMR), allows for the accurate measurement of 
NMR peak heights with the added internal standard [62]. However, 
qNMR can obscure the reliable measurement of peak intensities due to a 
high level of NMR signal overlap [63]. Low sensitivity is the inherent 
disadvantage and foremost challenge for the application of NMR 
compared with MS [64]. However, continuous developments to improve 
the sensitivity through the use of higher magnetic field strength [65], 
cryogenically cooled probes [66], and microprobes [67] have signifi-
cantly enhanced the sensitivity of NMR. 

Though less commonly implemented, other analytical methods such 
as capillary electrophoresis-MS (CE-MS) (e.g. [68,69]), direct infusion 
MS with no separation (e.g. [70,71]), matrix-assisted laser desorption/ 
ionization mass spectrometry imaging (MALDI-MSI)(e.g. [72]), or 
desorption electrospray ionization mass spectrometry (DESI-MS) (e.g. 
[70]) can also be used to quantify microbial metabolites. 

Overall, key considerations guiding instrumental choices are the 
specific goals of the experiment (see Table 1 for some example sce-
narios), the analytes of interest, sensitivity, precision, and accuracy 
needed, and whether absolute versus relative quantification is required. 
However, in all cases, best practices will include quality assurance/ 
quality control steps, which should include system suitability testing. 
While out of the scope of this review, readers are referred to recent re-
views on best quality assurance/quality control practices for targeted 
[73] and untargeted metabolomics [74]. 

c. Data processing best practices. 
There have been extensive reviews on data processing for metab-

olomics (e.g. [75–78]), and detailed protocols published on data pro-
cessing tools and approaches (e.g. [79]), which naturally also apply to 
microbiome metabolite analysis. Here, we highlight critical points for 
consideration. LC-MS-based metabolomics data processing refers to 
“metabolite features” as a combination of chromatographic retention 
time and mass over charge (m/z). This recognizes that different isomers 
will have the same m/z but different structures, leading to different 
retention times. Likewise, one single structure can lead to multiple ad-
ducts or in-source fragments, so that one unique metabolite can have 
multiple m/z values, though at the same retention time. This complexity 
is one of the challenges of metabolomics data processing. Combining ion 
mobility with current chromatography and MS techniques is helping to 
distinguish between isomers (e.g. [80]). 

Currently, there are many popular non-commercial platforms for 
untargeted analysis, such as MZmine [81], XCMS [82], OpenMS [83], 
and MS-DIAL [84]. For targeted analysis, example softwares include 
Skyline [85], MRMkit [86] and OpenMS [83]. One key strength of 

J. Roach et al.                                                                                                                                                                                                                                   



Methods 222 (2024) 81–99

84

MZmine is its modular design, which allows users to customize the 
software based on their needs [81]. XCMS has two versions: the XCMS R 
package or XCMS Online (cloud-based version). For XCMS Online, users 
can upload and process LC-MS data directly without installation of 
software or coding skills [87]. MS-DIAL is an alternative platform, which 
implements deconvolution algorithms for data-independent acquisition 
(DIA) data sets [84]. Skyline was designed for quantitative proteomics 
but was later expanded to small molecules; a strength is that it is not 
instrument-specific [85,88]. MRMkit is an MS-based targeted analysis 
software that can learn retention time offset patterns for different 
compound classes. This information is then used to provide recom-
mendations for peak picking in multimodal ion chromatograms, which 
can be complex and difficult to interpret manually [86]. OpenMS is an 
open-source, cross-platform software designed for high-throughput 
targeted and untargeted MS data. It provides a set of over 180 tools 
and workflows [83]. 

Peak detection algorithms are used as a first data processing step to 
identify the true peaks in the data, and to differentiate them from 
background noise (Fig. 2). Deconvolution separates experimental data 
to create a pure spectrum for each component present in a sample 
[89,90]. MSHub is a newly developed machine learning deconvolution 
method that deconvolutes GC–MS data automatically and evaluates the 
consistency of fragmentation patterns across multiple samples [91]. 
DecoID is another new deconvolution method that seeks to address 
mixed fragmentation spectra using a LASSO regression method. This can 
help improve metabolite identification rates [92]. 

The prerequisite of quantitative metabolite analysis is to ensure that 
the same metabolites are being compared across all samples. Peak 
alignment, normalization and batch effect removal are important steps 
after peak detection. Without proper peak alignment, comparisons be-
tween samples can be misleading. The above-described software pack-
ages can perform alignment by themselves, or they can be aided by 
external tools such as neighbor-wise compound-specific Graphical Time 
Warping (ncGTW) [93]. Normalization is the process of adjusting 
metabolite peak areas to reduce technical variability between samples 
due to differences in sample preparation, instrument performance, or 
other factors that could lead to incorrect conclusions [94]. There are 
several normalization methods for MS data, such as internal standard 
normalization [95], total ion current (TIC) normalization [96] and 
probabilistic quotient normalization (PQN) [97]. PQN assumes that the 
alterations in concentration of one analyte will only affect part of the 
data, while changes in the sample concentration impact the complete 
data in each sample. WaveICA normalization is based on wavelet anal-
ysis, which can not only remove batch effects but also show better 
classification for untargeted metabolomics data [98]. hRUV is a batch 
effect removal tool which can remove batch effects for both intra-batch 
and inter-batch variation [99]. All normalization methods make as-
sumptions, so it is important to pick a method that addresses technical 
variability within the specific dataset. 

Most data processing workflows will remove background signals 
contributed by tubes, instruments, solvents, etc. This is best performed 
by generating an empty tube that will go through the same extraction 
and handling processes as actual samples (“process blanks”). Data ac-
quired from that blank can then be used to process the acquired data. 
Blanks can also be added at the time of data acquisition but would not 
allow for the removal of contaminating features arising during the 
extraction steps. Common methods for background signal removal 

include removing metabolites that are shared with the blank (which may 
however remove real metabolite features in case of low-level carryover) 
or removing any metabolite that fails to meet a certain signal intensity 
fold difference threshold when compared to blanks (less affected by 
minor carryover effects). More complex, data-dependent approaches 
have also been developed [100]. Packages such as CROP [101], Meta-
Clean [102], or NeatMS [103] can remove non-informative features 
contributed from the blank or false positive features introduced by data 
processing. Removing these figures will help minimize noise in the data 
and may help with statistical power and annotation. 

3. Attributing microbial origin of candidate features: Important 
considerations 

Following proper data-processing, non-biological features should be 
minimized in the sample, leaving mainly biological metabolic features. 
At this point, identifying whether each remaining feature is of microbial 
origin can be determined through further analyses. Resources like the 
Microbial Metabolites Database [10] provide known microbe- 
metabolite relationships, though these associations do not represent 
the full scope of microbial chemistry. Moreover, much of untargeted 
metabolomics data still cannot be easily annotated [104,105]. Moving 
from known microbial metabolites into unknown microbe-metabolite 
relationships requires additional steps to identify any microbial ori-
gins. Broadly, these approaches can be grouped into software-based 
methods and experimental methods. 

a. Software-based approaches. 
Correlations are among the most popular methods to estimate asso-

ciations in microbiome-metabolome data. Typically, researchers select 
correlation techniques based on normality and/or fit of data, such as 
parametric (normally distributed) or nonparametric approaches. For 
example, Spearman’s rank correlation coefficient and Pearson’s rank 
correlation coefficient are both popular approaches for exploring 
microbiome-metabolome associations [106–109]. Correlations are 
especially useful for quickly identifying strong associations between 
microbes and metabolites, offering simple guidelines for determining 
linear relationships between these data [110]. However, such correla-
tion approaches assume data are independent, which is not true of 
microbiome-metabolome data. Moreover, the compositional nature of 
microbiome and metabolome data further confound correlation analyses 
[111,112]. Thus, correlations can be useful for identifying basic patterns 
within the data, but should only be used cautiously, with additional 
validations to eliminate false associations. 

Beyond general approaches like Spearman or Pearson, correlation 
approaches can be expanded to perform specialized comparisons. One 
such correlation-based technique is weighted gene co-expression 
network analysis (WGCNA). Briefly, WGCNA creates a network of co- 
expressed genes clustered by their similarity and uses this network to 
report associations with other paired data [113,114]. Through integra-
tion with microbial and metabolomic data, WGCNA can identify 
microbe-metabolite associations by focusing on bacterial genes corre-
lated with the metabolites of interest. For example, WGCNA has been 
used to examine relationships between bacteria and metabolites asso-
ciated with Chagas disease [115], revealing key metabolite-altering 
bacterial taxa involved in Trypanosoma cruzi infection. By itself, 
WGCNA is a useful technique for attributing microbe-metabolite re-
lationships, but it also represents a broader data analysis approach 

Fig. 2. Workflow for LC-MS data analysis.  
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involving correlations. 
To overcome the hurdles seen in correlations, new software tools 

estimate microbe-metabolite relationships while considering the 
compositional and dependent nature of these data. One such tool is 
microbe-metabolite vectors, also known as ‘mmvec’ [116]. mmvec is a 
neural network pipeline that predicts microbe-metabolite relationships 
using microbial sequence and metabolomic data. Rather than identi-
fying associations, mmvec examines the probability of co-occurrence 
between microbe-metabolite pairs derived from their paired abun-
dances [116]. However, mmvec is computationally intensive and less 
suited for large datasets. Additionally, there are no validation or confi-
dence measures built into mmvec; it simply outputs the conditional 
probability values for all microbe-metabolite pairs [116]. Despite these 
limitations, mmvec is an useful alternative to correlations for exploring 
microbe-metabolite relationships with integrated multi-omics data 
[117–120]. 

Other data analysis techniques can include the Mass Spectrometry 
Search Tool (MASST) [13]. Akin to a Basic Local Alignment Search Tool 
(BLAST) search for comparing sequence data, MASST is a web-based 
search tool that searches inputted MS/MS data against a range of pub-
lic MS/MS spectra databases. MASST uses a spectral library containing 
tens of thousands of annotated mass spectra of small molecules to match 
the m/z values of user-submitted spectra against those in the library. The 
output contains multiple potential matches ranked by their similarity to 
the user’s spectra. Importantly, sample information attributed to these 
public data are available when performing MASST searches, allowing 
researchers to identify reported sources of detected MS/MS spectra, like 
potential microbial sources. For example, Quinn and colleagues used 
MASST to run searches against public data to further confirm association 
between novel amino acid-conjugated bile acids and the microbiome 
[11]. 

An additional data analysis approach involves reference data-driven 
(RDD) analyses. RDD approaches use a controlled, standardized vo-
cabulary when creating metadata of database references used to match 
against user-submitted MS/MS data. Based on these matches, re-
searchers can get source information of their submitted MS/MS spectra 
through matches to these curated metadata reports of public data. 
Importantly, these RDD approaches maximize the utility of MS/MS 
spectra and allow matches against curated source information, as seen 
by Gauglitz et al. [121] While this particular study focuses on identifying 
food sources through RDD analyses, these approaches can be extended 
into broader and microbial contexts. 

b. Experimental approaches. 
These data analysis-centric approaches can be complemented 

through experimental techniques to report microbe-metabolite re-
lationships. One predominant experimental approach for validating 
microbe-metabolite associations involves culturing the candidate- 
producing microbe and screening for metabolite(s) of interest, usually 
informed by prior hypotheses of a microbe-metabolite relationship. This 
process isolates the microbe from its natural environment and avoids 
host organism modification of the metabolite of interest. Thus, 
analyzing the metabolites produced in the bacterial culture reports a 
direct microbe-metabolite relationship. Previous studies have used this 
technique in varied ways, ranging from culturing bacteria to recon-
structing genome-wide metabolic pathways of the detected metabolites 
[122–125] or tracing microbiome-dependent metabolites in colonized 
mice to metabolome profiles of cultured bacteria [126]. However, 
culturing conditions are meant to simulate, not recreate, the microbe’s 
natural environment; the expected metabolites might not necessarily be 
produced in all culturing experiments. 

Another experimental approach involves comparisons between 
germ-free and colonized animal models, such as mice. These approaches 
compare sterile and microbially-colonized animal metabolome data, 
where metabolites enriched in the colonized animals likely have some 
microbial association. Examining different abundance patterns of me-
tabolites can highlight microbially-modulated metabolite enrichment or 

depletion. Such animal-based comparison approaches are particularly 
useful for confirming the microbiome’s role in influencing specific me-
tabolites, because it tests for the metabolites in the “natural” environ-
ment with the greater microbiome community. This concept can be 
mimicked in humans by investigating samples from humans with 
resected colons, as was the case with identifying the bacterial origin of 5- 
hydroxyindole [127], or through the administration of a poorly absor-
bed oral antibiotic cocktail [128–130]. However, these approaches only 
report broad microbe-metabolite relationships without providing spe-
cific microbial sources. For example, microbe-associated metabolites 
might be produced by the host responding to the bacterial presence, 
rather than being produced by the bacterium itself. These animal-model 
approaches simply indicate a trend and require further work to 
demonstrate any metabolites are indeed produced by the microbe in 
question. One method to address this shortcoming is through stable 
isotope labeling of bacteria, which enables differentiation with host- 
derived unlabeled metabolites by LC-MS [9]. Uchimura et al gavaged 
mice with 13C-labeled E. coli to investigate the nature and spatial spread 
of microbiome-derived metabolites. After 2 h, an untargeted LC-MS 
analysis showed labeled amino acids, fatty acids and nucleotides, pro-
duced by the microbiome, penetrate organs throughout the body. 
Through this, the researchers were able to determine the ratio of 
microbiome-produced branched-chain amino acids to host-derived in 
each organ [9]. Another approach, as used in experiments to identify the 
microbial origin of indolepropionic acid, is to knock out crucial genes 
associated with the production of a metabolite in cultured bacteria and 
then inoculate germ-free mice with the mutant bacteria to identify if the 
metabolite of interest is still produced [131]. Unfortunately, sterile vs. 
colonized animal comparisons might not always detect host-produced 
antagonistic pathways influencing microbial activity, such as meta-
bolic reabsorption in the ileum. Despite these drawbacks, animal models 
are popular for determining microbe-metabolite relationships, such as 
confirming microbial metabolism of novel amino acid-conjugated bile 
acids [11], identifying blood metabolomic responses to gut microbial 
activity [4], describing longitudinal analyses of urine metabolomes 
throughout gut bacterial colonization [132], and linking gut microbial 
activity to energy and lipid storing metabolites involved in modulating 
host metabolism [133], to name a few. 

These approaches reflect varying ways of identifying microbial ori-
gins for metabolites, but there are important considerations to note 
when doing these analyses. The first major consideration is how sample 
type and preparation method can influence observed microbiome- 
metabolome associations. This is particularly important from an 
experimental side, as evidenced by Han and colleagues observing 
distinct metabolomes based on sample types of colonized mice [126]. 
Additionally, another important consideration includes spatial dy-
namics of the gut. For example, metabolites with reduced abundance in 
the lower gastrointestinal tract might be absorbed by the gastrointes-
tinal tract, or their depleted abundance could be the result of microbial 
modulation. A third consideration when investigating microbial origins 
of metabolites is that a detected functional gene might not always pro-
duce a metabolite in all contexts. This consideration is especially 
prominent when identifying a microbe-metabolite relationship through 
culturing. Since the culture does not perfectly mimic the microbe’s 
natural environment, some metabolites might not be produced in that 
cultured setting despite the metabolite being produced in the gut. 

Ultimately, identifying a microbial origin of a metabolite requires 
careful consideration and should ideally involve multiple complemen-
tary analyses. The approaches discussed here are not an exhaustive list 
but represent common ways for investigating microbial origins of me-
tabolites. Other growing areas for identifying microbe-metabolite re-
lationships include machine learning tools [134], especially for 
determining chemical properties of such microbially-derived 
metabolites. 
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4. From microbial features to chemical structures of novel 
microbial metabolites 

Having established that a novel feature is microbial in origin, the 
next step is structure elucidation. Most of the candidate microbe- 
metabolite associations described above rely on untargeted metab-
olomics. An accurate structure elucidation is critical to understand the 
biological role of the metabolite, and its biosynthesis pathway. 

The first step in the structural identification involves acquiring the 
metabolites in reasonable quantities, typically in the microgram to 
milligram range. Unless native environments provide enough of the 
metabolites, culture conditions may be required to accrue more. This 
involves routine microbiology techniques, including cultivation of mi-
crobial strains on specific media with special nutrients, cocultivation of 
multiple strains together, and production of metabolites of interest in a 
specific growth phase [135–137]. However, as discussed above, it is 
important to note that the majority of microorganisms resist cultivation 
in the laboratory as the required conditions deviate too far from the 
organism’s natural environment [138]. Furthermore, metabolite pro-
duction is often context-dependent. As an alternative, isolation chip 
(iChip) incubation has been developed to facilitate growth in simulated 
natural environments [139]. For example, a variant of the iChip has 
been successfully used to cultivate anaerobic species of the human oral 
microbiome [140]. Another successful iteration is the gut-on-a-chip 
platform which enabled the coculture of 200 different aerobic and 
anaerobic species with human intestinal epithelium [141]. 

The isolation of microbial metabolites involves a wide range of LC 
methods based on separation capacities and selectivity [142]. Aside 
from isolation and separation of microbial metabolites, a major appli-
cation of high-performance liquid chromatography (HPLC) methods is 
dereplication by hyphenated techniques including LC-NMR and LC-MS 
[143]. Dereplication involves identifying known compounds based on 
the reported data generated by MS or NMR. Most dereplication bioin-
formatics tools, including GNPS [144], Metlin [145], DNP [146], and 
NIST [147], work with integrated or online databases of accurate mass 
spectra, compound structures, structures of building blocks of mole-
cules, and fragmentation routes or combination of multiple features. 

After sample isolation and replication, the metabolite is ready for 
structural analysis. NMR is the core technique in structural elucidation, 
and can be supplemented with other analytical techniques such as high 
resolution MS, circular dichroism (vibrational and electronic), Raman 
optical activity, optical rotation measurements, and X-ray crystallog-
raphy, depending on molecule properties [148]. 1H and 13C NMR 
spectra provide information about the quantitative composition of the 
unknown metabolite [149]. The interpretation of NMR data along with 
high resolution MS data is used for the determination of the molecular 
formula of the novel metabolite [149]. The assembly of the relative 
configuration is further supported by additional 2-dimensional NMR 
experiments such as HSQC (Heteronuclear Single Quantum Coherence), 
COSY (Correlation spectroscopy), and HMBC (Heteronuclear multiple 
bond correlation) [150]. The structure elucidation of novel metabolites 
may be a complicated process based on structural complexity. Spec-
troscopists may interpret different structures from the same initial NMR 
data [151], by misjudged interpretation of chemical shift annotations, 
misinterpretation of characteristic spectral features, and resonance 
overlap in NMR signals [152]. 

For labs without access to an NMR or without the expertise to 
interpret NMR data, or sometimes prior to NMR data acquisition, MS can 
also be used to understand the structure of an unknown metabolite. 
Example annotation tools for MS data include molecular networking, 
which groups features by MS2 spectral similarity, enabling annotation 
propagation to analogs with mass differences compared to library ref-
erences [144,153]. MEtabolite SubStructure Auto-Recommender 
(MESSAR) automatically builds potential relationships between spec-
tral data and substructure data, which are captured and learned from 
public spectral libraries. This approach allows MESSAR to provide 

multiple candidates for annotation with similar substructures, even if 
the exact molecule is not present in the reference database [154]. Small 
Molecule Accurate Recognition Technology (SMART 2.0) is a web-based 
tool with improved accuracy for mixture sample analysis [155]. While 
structures can be determined from MS/MS or MS/MS/MS data, they 
cannot usually provide stereochemical determination. Additionally, 
identification of the molecular structure from untargeted MS/MS data 
alone can be challenging, as multiple molecules may have the same m/z 
values and fragmentation patterns. Feature annotation is a very active 
area of metabolomics research, and new tools are regularly being 
developed [156]. 

In general, no single technique can unambiguously assign the 
structure of a complex unknown compound. The synergistic combina-
tion of information obtained from different techniques, like crystallog-
raphy and NMR, combined with chemical and biosynthetic logic, lead to 
structure elucidation of novel metabolites with higher reliability [151]. 

5. Class-specific quantification methods for common microbial 
metabolites 

After annotating the metabolite of interest (or choosing to forgo 
annotation should it not be necessary for the goal of the study), quan-
tification should be performed next. Greater method validation is 
required when quantifying novel microbial metabolites that lack 
established methods. This would involve testing data acquisition 
methods using pure standards across a range of known concentrations, 
ideally of the same molecule or of molecules with similar functional 
groups, to ensure separation (if using chromatography techniques) and 
to assess the limit of detection/limit of quantification. Method valida-
tion with standards should be followed by assessment on representative 
biological samples, such as sample pools (pooled quality control [pooled 
QC]) or standardized biological samples (National Institute of Standards 
and Technology (NIST) standard reference materials). Quantification of 
frequently studied microbial metabolites will need less in-house method 
validation, since they generally rely on already-developed methods. 
Additionally, absolute quantification of known metabolites can be aided 
by diluting samples with a known amount of an isotopically labeled 
version of the metabolite [128,157]. In this section, we highlight 
quantification methods for highly studied microbial metabolites. Should 
a novel microbial metabolite share structural commonality with one of 
the metabolic classes listed below, the quantitative methods associated 
with that class can be used as a starting point for method development. 

a. Short-chain fatty acids. 
Fatty acids with fewer than 8 carbon atoms are classified as short- 

chain fatty acids (SCFAs). The most prevalent SCFAs include acetic 
acid, propionic acid, and butyric acid [158,159]. When dietary fibers 
undergo fermentation by bacterial hydrolytic enzymes, the primary 
products are SCFAs. SCFAs play a crucial role in promoting the prolif-
eration of beneficial bacteria, supplying energy to colonocytes, modu-
lating the gut immune system, preventing autoimmune diseases, and 
enhancing overall gastrointestinal health [160–164]. 

Feces, plasma, and tissue samples each offer unique information 
about SCFA production, metabolism, and distribution within the body 
[165]. Fecal samples are a conventional choice for evaluating SCFA 
production within the gastrointestinal tract. However, their SCFA con-
centrations may not accurately reflect the local rates and levels of SCFA 
production. This is because as much as 90 % of these metabolites are 
absorbed by colonocytes [166], and the concentration of SCFAs varies 
along the length of the gut. The highest levels are typically found in the 
cecum and proximal colon, gradually decreasing towards the distal 
colon [161,167,168]. Plasma samples are useful for evaluating systemic 
SCFA, despite their typically low concentrations. SCFAs produced in the 
gut can be transported via the portal vein to the liver, where they un-
dergo metabolism before being released into the systemic circulation 
[167]. Tissue samples can provide insights into how SCFA are metabo-
lized and used by specific organs or tissues. For instance, adipose tissue 
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is a significant site for SCFA uptake and metabolism, while the brain can 
also use SCFAs as an energy source [165,169,170] (Fig. 3). 

To ensure accurate and precise quantification of SCFAs, it is essential 
to consider their chemical and physical properties, as these factors can 
significantly impact the accuracy and precision of measurements. Some 
important properties to take into consideration include [165,171,172]: 

1) Volatility: SCFAs are volatile compounds that can evaporate 
during sample preparation and analysis. 
2) Solubility: Some solvents have selectivity in extracting specific 
SCFAs. For instance, diethyl ether is suitable for extracting butyric 
acid and valeric acid, while hexane is commonly used for the 
extraction of less polar SCFAs, such as caproic acid and caprylic acid. 
3) Ionization: SCFAs are weak acids that can ionize in solution, with 
the degree of ionization being dependent on the pH of the solution. 
The ionization state of SCFAs can influence their behavior in chro-
matography and their detectability using mass spectrometry. 
4) Stability: SCFAs can be prone to degradation or chemical modi-
fications during sample preparation and storage. It is crucial to 
employ optimized storage conditions (e.g., low temperature, acidi-
fication) and appropriate derivatization or stabilization methods that 
help overcome these challenges. 
5) Matrix effects: SCFAs are often found in low concentrations within 
complex matrices like feces or plasma, which contain various other 
organic acids and metabolites. These matrix effects have the poten-
tial to interfere with the accurate quantification of SCFAs [173,174]. 

For reliable SCFA measurements, it’s essential to consider the 
properties described above and use appropriate methods. Modern 
analytical methods, both qualitative and quantitative, are highly effec-
tive for analyzing SCFAs in a variety of sample types. These methods 
include approaches like GC, HPLC, and CE, often paired with detection 
methods such as mass spectrometry. 

In the context of GC–MS analysis, a common procedure for extracting 
SCFAs from various matrices involves the addition of an acidifying 
agent, such as phosphoric or sulfuric acid, to the sample. Subsequently, 
this mixture undergoes liquid–liquid extraction (LLE) with an organic 
solvent, like ethyl acetate or diethyl ether. These extraction techniques 
are chosen to specifically address concerns related to solubility and 
stability, thereby enhancing the accuracy of the quantification process. 
It’s worth noting that water extraction is discouraged for SCFA GC–MS 
analysis due to its detrimental impact on MS determination [175,176]. 
Despite being considered somewhat more prone to errors, the liquid-
–liquid extraction method (LLE) offers advantages such as straightfor-
wardness and swiftness. Moreover, it obviates the need for specialized 
extraction filters, cartridges, or columns [48]. 

In LC-MS analysis, the extraction of SCFAs often employs solid-phase 
extraction (SPE). This technique uses a solid-phase sorbent, like C18 
silica-based material, to selectively adsorb and retain the SCFAs from the 

sample matrix. Following this adsorption, the sorbent undergoes a 
washing process, and the SCFAs are subsequently eluted using solvents 
such as methanol, formic acid or acetonitrile. The resulting extract is 
then evaporated to dryness and reconstituted in a solvent compatible 
with downstream chromatography and MS methods, such as water or 
acetonitrile (Table 2) [174,177–180]. 

Derivatization involves the chemical modification of a compound’s 
structure to optimize its suitability for analytical applications. In the 
context of SCFAs, this often includes introducing an alkyl or silyl group 
to the carboxylic acid functional group. This chemical modification 
improves the main challenges of the volatility and stability of SCFAs, 
rendering them more compatible with analysis methods such as GC–MS 
and LC-MS [172]. Derivatization reagents for SCFAs commonly include 
pentafluorobenzyl bromide (PFBBr) [165], trimethylsilyl (TMS) deriv-
atization reagents [181], and chloroformate [182,183]. PFBBr deriva-
tization is time-consuming, and silylation requires anhydrous 
conditions, which is cumbersome [184,185]. In contrast, chloroformate 
derivatization is widely preferred for SCFA derivatization due to its 
convenient operation, mild conditions, and reduced time consumption 
[182]. However, it’s worth noting that derivatization involves organic 
solvents and other compounds that may be toxic, volatile, or flammable. 
Moreover, it extends processing time and introduces another potential 
source of variability, contamination, and errors [165,185]. 

GC–MS separation is often carried out using FFAP columns (polar 
nitroterephthalic-acid-modified polyethylene glycol). It has proven to be 
a robust method, albeit one that involves time-consuming sample 
preparation and derivatization processes. In contrast, LC-MS may 
require less time for sample preparation and analysis, while employing 
lower temperature conditions can also prevent the degradation of vol-
atile SCFAs [186–188]. However, SCFAs pose challenges in terms of 
their chromatographic and ionization properties when using conven-
tional LC-MS equipment [174]. To address these challenges, for certain 
types of matrices, derivatizing samples can enhance the chromato-
graphic separation and ionizability of SCFAs. Some effective strategies 
include derivatization using 3-nitrophenylhydrazine and aniline 
[189,190]. Both strategies yield favorable results and allow for SCFA 
analysis on conventional C18 LC columns. Typical mobile phases consist 
of acidified HPLC-grade polar solvents (e.g., water) and non-polar sol-
vents (such as acetonitrile or methanol) for analyte separation through 
isocratic or gradient elution profiles. These separations are conducted 
under relatively mild reaction conditions [189,191,192]. 

b. Bile acids. 
Bile acids (BAs) occupy a central position in the absorption, excretion 

and metabolism of lipids within the body [197]. The gut microbiome 
modifies endogenous primary BAs to produce exogenous secondary BAs 
[198]. The best-studied secondary BAs are lithocholic acid (LCA) and 
deoxycholic acid (DOC) [199]. However, recent work has identified 
more than 140 new secondary BAs in existing datasets, including the 

Fig. 3. Hallmarks of short-chain fatty acids quantification. Figure generated using BioRender.com.  
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novel bile acids phenylalanocholic acid (Phe-chol), tyrosocholic acid 
(Tyr-chol) and leucocholic acid (Leu-chol) [11]. With credit to public 
metabolomic databases (GNPS, MassIVE) and the use of synthesis-based 
reverse metabolomics, even more novel bile conjugates are being 
discovered [200]. Secondary bile acids at increased levels promote 
higher chances of developing colorectal carcinomas, gallstone disease, 
cirrhosis of the liver and Clostridioides difficile infection [201–211]. BAs 
serve as signaling molecules with the ability to bind to receptors such as 
farnesoid X receptor (FXR), Takeda G protein-coupled receptor 5 
(TGR5), constitutive androstane receptor (CAR), and more, with each 
BA being able to bind with multiple receptor types with varying degrees 
of effect [212,213]. Further adding to the complexity of BA signaling, 
bile acids can be conjugated with glycine, taurine, and to a lesser studied 
extent, other amino acids, which can affect the ability of BAs to act as 
substrates for specific receptors in the body [11,12,214]. In the context 
of cancer, the pro- or anticarcinogenic roles of specific BAs have been 

shown to be reliant on the type of neoplasia and the concentration of the 
BA, emphasizing the importance of accurate quantification of BAs to 
better understand their role in the body [215]. 

Regardless of the specific bile acid structure, quantification methods 
have relied predominantly on LC-MS approaches. Samples most 
commonly collected for BA analysis are blood, urine, feces, liver, and 
bile, depending on the BAs of interest. A C18 LC column coupled with 
MS/MS analysis is most commonly used for BA analysis [216,217] 
(Table 3). NMR is another common method to analyze BAs and distin-
guish stereochemical differences (Table 4). Although there is minimal 
sample preparation, the lower sensitivity of NMR compared to LC-MS 
make it less common for current BA research [218]. Enzyme-linked 
immunosorbent assay (ELISA) is another method used to measure BAs 
but can be limited by antibody cross-reactivity [219–221]. 

Separation and quantification of BAs and their conjugates are chal-
lenging because of marked differences in chemical properties, the 

Table 2 
Short chain fatty acid quantification methods.  

Quantification 
Method 

Reference Sample Type Extraction Column Mobile Phase Ionization 
Method 

Molecule(s) 

GC–MS Zhu et al., 
2022 [193] 

Feces Diethyl ether DB- 
FFAP 

Helium, flow rate 
1.5 mL/min 

EI Acetic acid, formic acid, 
propionic acid, isobutyric acid, 
butyric acid, isovaleric acid, 
valeric acid, 2-methylvaleric 
acid, 4-methylvaleric acid, 
hexanoic acid, heptanoic acid  

Fu et al., 
2022 [194] 

Feces HS-SPME (Headspace Solid-Phase 
Microextraction). Derivatized with 
isobutyl chloroformate and 
isobutanol 

Rxi- 
5MS 

Helium, flow rate 
1.0 mL/min 

EI Formic acid, acetic acid, 
propanoic acid, isobutyric acid, 
butyric acid, 2-methylbutyric 
acid, isovaleric acid, valeric 
acid, 3-methylvaleric acid, 
hexanoic acid, heptanoic acid  

Kim et al., 
2022 [173] 

Plasma, Serum, 
Feces, Cecum 

Methyl tert-butyl ether DB- 
FFAP 

Helium, flow rate 
1.0 mL/min 

EI Acetic acid, propionic acid, 
butyric acid, valeric acid  

Yao et al., 
2022 [195] 

Plasma Methyl tert-butyl ether DB- 
WAX 

Helium, flow rate 
1.2 mL/min 

EI Acetic acid, propionic acid, 
butyric acid  

Wang et al., 
2020 [196] 

Serum Ethanol and n-hexane DB- 
FFAP 

Helium, flow rate 
1.0 mL/min 

EI Acetic acid, propionic acid, 
isobutyric acid, pivalic acid, 
butyric acid, 3-methylbutyric 
acid, 2-methylbutyric acid, 
valeric acid, 2-ethylbutyric 
acid, 2-methylvaleric acid, 3- 
methylvaleric acid, 4-methyl-
valeric acid, hexanoic acid, 
cyclopentanic acid 

LC-MS Shafaei 
et al., 2021  
[177] 

Serum Methyl tert-butyl ether. Derivatized 
with 3-nitrophenylhydrazine 
hydrochloride and 1-ethyl-3-(3- 
dimethylaminopropyl)carbodii-
mide hydrochloride 

C18-AR A: Water. B: 
Acetonitrile 

ESI - Negative 
mode 

Acetic acid, propionic acid, 
isobutyric acid, butyric, acid, 
isovaleric acid, valeric acid, 4- 
methyl valeric acid, hexanoic 
acid  

Bihan et al., 
2022 [178] 

Cecal contents Water/acetonitrile (1:1. v/v). 
Derivatized with aniline and N-(3- 
Dimethylaminopropyl)-N′- 
ethylcarbodiimide hydrochloride 

C18 A: Water + 0.1 % 
formic acid. B: 
Methanol + 0.1 
% formic acid 

ESI - Positive 
mode 

Acetate, propionate, butyrate   

Microbial 
cultures 

Water/methanol (1:1. v/v). 
Derivatized with aniline and N-(3- 
Dimethylaminopropyl)-N′- 
ethylcarbodiimide hydrochloride      

Nagatomo 
et al., 2018  
[179] 

Feces Methanol with QuEChERS method. 
Derivatized with 2-picolylamine in 
2,2′-dipyridyl disulfide and 
triphenylphosphine in acetonitrile 

BEH 
C18 

A: Water + 0.1 % 
formic acid. B: 
Methanol + 0.1 
% formic acid 

ESI - Positive 
mode 

Acetic acid, propionic acid, 
butyric acid, isobutyric acid, 
valeric acid, hydroangelic acid, 
4-methylvaleric, succinic acid  

Liebisch 
et al., 2019  
[180] 

Feces, Colon 
content 

70 % isopropanol. Derivatized with 
3-nitrophenylhydrazine 
hydrochloride and N-(3- 
dimethylaminopropyl)-N’- 
ethylcarbodiimide hydrochloride 

XB-C18 A: Water + 0.1 % 
formic acid. B: 
Acetonitrile +
0.1 % formic acid 

ESI - Negative 
mode 

Acetate, propionate, butyrate, 
isobutyrate  

Saha et al., 
2021 [174] 

Feces, Liver, 
Kidney, Brain, 
Skeletal muscle, 
Spleen, 
Microbial 
media 

0.5 % orthophosphoric acid PGC 
C18 

A: Water + 0.1 % 
formic acid. B: 
Acetonitrile +
0.1 % formic acid 

ESI - Positive 
and negative 
mode 

Acetate, butyrate, isobutyrate, 
isovalerate, valerate, lactate, 
propionate.  
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presence of isomeric forms, and their relatively low concentrations in 
biological samples [222]. Longer LC gradients allow for adequate sep-
aration and annotation of isomers from MS/MS analysis [223]. Current 
research continues to discover new derivatives of BAs, further compli-
cating efforts to link the health of our gut’s microbiome to the quantity 
and signaling properties of BAs that have relevant physiological effects. 

c. Branched-chain amino acids. 
Branched-chain amino acids (BCAAs) only comprise three amino 

acids: isoleucine, leucine, and valine. These molecules are essential, and 
primarily gained through host diet or synthesized by the microbiome. 
Many studies have linked the level of BCAAs with insulin resistance, 
obesity, and microbiome diversity [228–230]. There has been conflict-
ing evidence on the benefits of elevated BCAA levels [231,232], and no 
comprehensive understanding of the relationship between BCAA and 
microbiome health is currently evident. 

Fecal samples can be a non-invasive method to measure the BCAA 
content in the gut. However, considering BCAAs are often absorbed by 
intestinal tissues and transported throughout the body, fecal analysis 

may only give rough quantity estimates and no tissue or function- 
specific information. For this, BCAAs would need to be extracted from 
GI tract samples. BCAA levels have also been commonly measured in 
blood samples [230,233]. Due to the polar nature of these amino acids, 
extraction from any sample type would need to be done with a polar 
solvent like methanol, water, or isopropanol (Table 5). 

Detection of these three BCAAs is relatively straightforward. They 
can be separated by LC and are ionized well in positive-mode MS. It is 
important to note that leucine and isoleucine are structural isomers, 
with the same precursor m/z. MS2 fragmentation patterns need to be 
collected to accurately differentiate the two molecules. Additionally, 
they tend to have very similar retention times, and often cannot be 
resolved by non-polar stationary phase columns. Using a more polar 
stationary phase column, like a HILIC column, BEH amide column, or a 
C18-PFP can help resolve these two molecules [46]. GC–MS methods 
have also been used for the detection of BCAAs, however they are less 
common and typically involve first derivatizing the BCAAs to propyl 
esters [234]. Beyond these MS instruments, other methods of BCAA 

Table 3 
MS-based bile acid quantification methods.  

Quantification 
Method 

Reference Sample 
Type 

Extraction Column Mobile Phase Ionization 
Method 

Molecule(s) 

LC-MS Sarafian 
et al., 2015 
[224] 

Plasma Ice cold methanol BEH C8 A: Acetonitrile/water (1:10. 
v/v) + 1 mM ammonium 
acetate. B: Acetonitrile/2- 
propanol (1:1. v/v) 

ESI - Negative 
mode 

Primary and secondary 
BAs  

Alnouti et al., 
2008 [222] 

Bile Oasis-HLB SPE conditioned 
with MeOH. Washed twice 
with water and eluted with 
MeOH. 

C18 A: 95:5 Methanol: acetonitrile. 
B: Water + 7.5 mM 
ammonium acetate, pH 4 

ESI - Positive 
and negative 
mode 

Positive - Glycine 
conjugated BAs. Negative - 
Taurine and unconjugated 
Bas  

Lucas et al., 
2021 [12] 

Bacterial 
culture 

100 % water BEH 
C18 

A: Water + 10 mM ammonium 
acetate, pH 6. B: Methanol 

ESI - Negative 
mode 

Secondary BAs  

Gómez et al., 
2020 [225] 

Plasma, 
Serum 

Diluted with water. Proteins 
precipitated with 2- 
propanol 

BEH 
C18 

A: 95:5 Water: acetonitrile. B: 
5:95 Water: acetonitrile 

ESI - Positive 
and negative 
mode 

Unconjugated and 
conjugated BAs and 
secondary BAs   

Liver Water:chloroform:methanol 
(1:1:3. v/v/v) 

BEH 
C18 

A: 95:5 Water: acetonitrile. B: 
5:95 Water: acetonitrile 

ESI - Positive 
and negative 
mode 

Unconjugated and 
conjugated BAs and 
secondary BAs  

Table 4 
NMR-based bile acid quantification methods.  

Quantitation 
Method 

Reference Sample 
Type 

Solutions NMR Molecule(s) 

1H NMR Nagana Gowda 
et al., 2009  
[226] 

Bile Double distilled water, D2O, 
Trimethylsilylpropanoic acid 
(TSP) 

800 MHz NMR 
spectrometer with 5-2mm 
CHN inverse probehead 

Glycocholic acid, glycodeoxycholic acid, 
glycochenodeoxycholic acid, taurocholic acid, 
taurodeoxycholic acid, taurochenodeoxycholic acid 

1H NMR/13C NMR 
(1H–1H, 1H–13C) 

Nagana Gowda 
et al., 2006  
[227] 

Bile Double distilled water, D2O, 
Trimethylsilylpropanoic acid 
(TSP) 

800 MHz NMR 
spectrometer with 5-mm 
CHN inverse probehead 

Glycocholic acid, glycodeoxycholic acid, 
glycochenodeoxycholic acid, taurocholic acid, 
taurodeoxycholic acid, taurochenodeoxycholic acid  

Table 5 
Branched-chain amino acid quantification methods.  

Quantification 
Method 

Reference Sample 
Type 

Extraction Column Mobile Phase Ionization 
Method 

Molecule(s) 

LC-MS Fingerhut et al., 
2016 [237] 

Blood Neobase test-kit 
from 
PerkinElmer 

BEH C8 A: Water + 0.1 % formic acid + 0.01 % 
heptafluorobutyric acid. B: Acetonitrile +
0.1 % formic acid + 0.01 % 
heptafluorobutyric acid 

ESI - Positive 
mode 

All BCAAs  

Le et al., 2018  
[46] 

Serum Acetonitrile Tested multiple, 
but C18-PFP 
worked best 

Tested multiple, but ended up using: A: 
Water + 0.1 % formic acid. B: Acetonitrile +
0.1 % formic acid 

ESI - Positive 
mode 

All BCAAs 

GC–MS Zheng et al., 
2013 [238] 

Feces, 
Plasma, 
Urine 

Sodium 
hydroxide 
solutions 

HP-5 ms 
capillary 
column 

Helium, flow rate 1 mL/min EI Propyl-ester 
derived 
BCAAs 

CE-MS Piestanksky 
et al., 2021  
[239] 

Standards, 
Plasma 

Acetonitrile Fused silica 
capillary 

50:50 Methanol:water + 5 mM ammonium 
acetate 

ESI - Positive 
mode 

All BCAAs  
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detection can also be done. BCAAs can be detected with NMR [235], and 
even more novel methods like a paper strip test have been developed for 
analysis [236]. 

d. Tryptophan Derivatives. 
L-tryptophan is an essential amino acid that can be catabolized 

through one of three different metabolic pathways: the serotonin/5- 
hydroxytryptamine pathway, the indole-derivative pathways, or the 
kynurenine pathway, which makes up approximately 95 % of trypto-
phan metabolism [240–242]. The gut microbiome plays a crucial role in 
L-tryptophan metabolism. The primary direct role of the microbiome in 
tryptophan catabolism is through the direct and exclusive production of 
indole derivatives, although some species of bacteria are able to directly 
produce kynurenine as well [242–245]. Mouse studies have shown that 
the indole derivatives indole-3-propionic acid and indoxyl sulfate are 
not produced without the presence of gut microbes and that germ-free 
mice had higher levels of tryptophan (the precursor of indole-3- 
propionic acid and indoxyl sulfate) and lower levels of kynurenine in 
their serum compared to the germ free mice [4,246]. Due to the complex 
variety of molecules produced from tryptophan in the gut, it is important 
to select sample types, extraction methods, and detection methods that 
will allow for the detection of metabolites of interest. 

The majority of tryptophan derivatives are present in multiple 
sample types, but urine generally offers the largest number of unique 
tryptophan derivatives when compared to feces and plasma, with higher 
overall concentrations of almost all tryptophan derivatives when 
compared to plasma [45,247,248]. Additionally, some tryptophan de-
rivatives can’t be detected in urine, such as 5-hydroxyindole (present in 
feces) and 3,4-dihydroxyphenyl acetic acid (present in plasma) 
[45,248]. For the broadest possible analyses of tryptophan derivatives, 
collection of both fecal and urine samples is recommended. 

For extraction of tryptophan derivatives, biofluids like urine, plasma, 
and cerebrospinal fluid can be easily extracted using a “dilute-and- 
shoot” strategy of a 10 fold dilution with water [248,249] or by a simple 
protein precipitation procedure where ice cold methanol or acetonitrile 
is added to the biofluid samples and centrifuged, followed by collection 
of the supernatant [250,251] (Table 6). Tissue and fecal samples tend to 
follow a similar protein precipitation method, but they are homogenized 

first. 
Tryptophan and its derivatives are primarily quantified using LC-MS. 

C18 columns tend to be favored since tryptophan derivatives have large 
non-polar indole groups or rings; in contrast, tryptophan derivatives 
were not retained well on a BEH amide HILIC column and HILIC col-
umns did not provide reliable separation and peak shape for indole 
tryptophan derivatives [248,252]. For low volume samples or samples 
with high levels of matrix effects, tryptophan and its metabolites can be 
derivatized to increase sensitivity and improve ionization, but this 
naturally adds extra steps, which can be time-consuming for large 
sample batches or add additional variation [253,254]. Chromatography 
is most commonly performed with water and acetonitrile as mobile 
phases, both of which contain 0.1 % formic acid to aid in the formation 
of ions. Tryptophan derivatives are almost universally ionized in posi-
tive mode; however, indoxyl sulfate ionizes better in negative mode 
[248,249]. Instead of using MS for detection, some studies have elected 
to use a fluorometer for detection after LC separation due to the native 
fluorescence of tryptophan [255–258]. This provides increased sensi-
tivity for tryptophan derivatives but does limit the ability to investigate 
non-fluorescent molecules without some form of derivatization. GC–MS 
has been used for the quantification of tryptophan derivatives but is 
traditionally more challenging due to the need for chemical derivati-
zation [51–53]. 

Due to the broad range of molecules that can be derived from tryp-
tophan, quantifying several types of tryptophan derivatives simulta-
neously can be difficult. Tryptophan derivatives concentrations can 
cover 4 magnitudes of concentrations, each with their own ranges of 
linearity, making it challenging to find a sample concentration that will 
work for all potential metabolites of interest [247,248,252]. Addition-
ally, tryptophan derivatives can have a variety of functional groups each 
with their own pKas, impacting the polarity of the molecule based on the 
pH of the solution it is in [247,252]. 

e. Trimethylamine N-oxide (TMAO). 
Trimethylamine N-oxide (TMAO) is generated through oxidation of 

trimethylamine (TMA), a metabolite generated in the gut by the 
microbiome from carnitine, choline, and betaine that is transferred to 
the liver. In the liver, host flavin-dependent monooxygenase (FMO) 

Table 6 
Tryptophan microbial metabolites quantification methods.  

Quantification 
Method 

Reference Sample Type Extraction Column Mobile Phase Ionization 
Method 

Molecule(s) 

LC-MS Marcobal 
et al., 2013  
[45] 

Bifidobacterium 
longum NCC2705 

Methanol C18 A: Water + 0.1 % formic acid. B: 
Acetonitrile + 0.1 % formic acid 

ESI - Positive 
mode 

Indole-3-lactic acid   

Urine Water + 10 mM 
ammonium formate 

C18 A: Water + 10 mm ammonium 
formate. B: Methanol + 10 mm 
ammonium formate 

ESI - Positive 
and negative 
mode 

Indole derivatives    

Water + 10 mM 
ammonium formate 
and ACN 

HILIC A: 10:90 Water:acetonitrile +
15 mm ammonium formate. B: 
90:10 Water:acetonitrile + 15 
mm ammonium formate    

Anesi et al., 
2019 [248] 

Plasma Ostro 96 well plate −
3:1 ACN with 0.1 % 
formic acid 

C18 A: Water + 0.1 % formic acid. B: 
Acetonitrile + 0.1 % formic acid 

ESI - Positive 
and negative 
mode 

Tryptophan- 
kynurenine pathway, 
serotonin pathway, 
indole derivatives   

Urine Water with 0.1 % 
formic acid 

C18 A: Water + 0.1 % formic acid. B: 
Acetonitrile + 0.1 % formic acid 

ESI - Positive 
and negative 
mode 

Tryptophan- 
kynurenine pathway, 
serotonin pathway, 
indole derivatives  

Lai et al., 2021 
[247] 

Brain Tissue Methanol C18 A: Water + 0.1 % formic acid. B: 
Acetonitrile + 0.1 % formic acid 

ESI - Positive 
mode 

Indole derivatives   

Feces Methanol/water (1:1. 
v/v) 

C18 A: Water + 0.1 % formic acid. B: 
Acetonitrile + 0.1 % formic acid 

ESI - Positive 
mode 

Indole derivatives 

LC-Fluorescence Desbonnet 
et al., 2008  
[255] 

Plasma 4 M perchloric acid C18 97:3 Water:acetonitrile + 50 
mM acetic acid + 100 mM Zinc 
acetate 

N/A Tryptophan- 
Kynurenine pathway 

GC–MS Zhao et al., 
2017 [51] 

Serum, Urine Methanol - 
Derivatized with 
alkyl chloroformate 

DB-5 
MS 

Helium, flow rate 1.0 mL/min EI Indole derivatives  
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isoforms 1 and 3 convert TMA into TMAO. The level of TMAO in the 
body is dependent upon factors such as diet, gender, natural flora in the 
gut, age, and medications [259]. High levels of TMAO are strongly 
correlated to the development of cardiovascular diseases, such as 
atherosclerosis, stroke, heart failure, and kidney disease [260]. 

The types of samples analyzed for TMAO quantification include 
plasma or urine [261,262]. A key consideration when quantifying 
TMAO is that levels differ between males and females, with males 
generally having lower TMAO levels than females [263]. 

TMAO is typically analyzed using LC-MS, with GC–MS and NMR 
methods used less commonly (Table 7, Table 8) [46,264]. One could 
even use colorimetric array-based sensors, which is newer and not as 
explored as other methods [265]. For LC-MS, the type of column used to 
quantify TMAO is typically a C18 column, though Boyce et al (2019) 
suggested higher resolution using a C18-PFP (pentafluorophenyl) col-
umn [46,266,267]. Another column commonly used is a HILIC column 
[262]. 

f. N-acyl-amides. 
The microbiome creates N-acyl amides (NAAs) that closely mimic the 

function of endogenously produced signaling molecules, particularly 
endocannabinoids. The microbiome is capable of producing 6 families of 
N-acyl amides: N-acyl glycine, N-acyloxyacyl lysine, N-acyloxyacyl 
glutamine, N-acyl lysine/ornithine, N-acyl alanine, and N-acyl serinol 
[269]. These NAA mimics can serve as agonists or antagonists of G- 
protein-coupled receptors (GPCR). For instance, Neisseria meningitidis, 
the bacteria responsible for meningococcal disease, produces N-3- 
hydroxypalmitoyl-ornithine which serves selectively as an agonist for 
sphingosine-1-phosphate receptor 4 (S1PR4), a GPCR that has a role in 
human inflammatory responses [269,270]. 

Sample type can impact the NAAs detected in a study. While the 
majority of detected N-acyl homoserine molecules are present in serum, 
cecal content, and liver samples, some N-acyl homoserines are detected 
exclusively in one sample type, such as 3OH-C10-HSL only being 
detected in serum and C12-HSL only being detected in liver and cecal 
content [47]. As a result, when collecting in vivo samples, it may be 
beneficial to collect at least one biofluid and one tissue sample based on 
the NAA of interest. 

NAAs can be detected from bacterial cultures or from tissue samples. 
For in vitro studies, a simple extraction can be performed using equal 
volumes of ethyl acetate followed by aspiration of ethyl acetate upon 
separation [269,271] or using n-butanol [272] (Table 9). For serum and 
tissues, samples are typically extracted and homogenized using cold 
methanol or acetonitrile and then purified using a C18 solid phase 
extraction column to reduce matrix effects [47,273,274]. After extrac-
tion and vacuum drying, NAA samples should be resuspended with 50 % 
to 100 % methanol. 100 % MeOH was the most commonly used 
extraction solvent, but different NAAs favor different ratios of MeOH to 
water [275]. Additionally, some researchers elect to acidify their 
resuspension solvent [276,277]. Acidification can help with the disso-
lution and ionization of charged NAAs as well as with sample stability, 

but can cause hydrolysis of any ester bonds present in molecules of in-
terest if left at acidic conditions for prolonged periods [278]. 

NAAs have long lipid chains, so they have historically been analyzed 
using methods that are suitable for the detection of lipids, particularly 
LC-MS. For the LC separation, NAAs are analyzed using a C18 column 
due to the long acyl chains that are characteristic of the class. To correct 
for the effects of extraction, resuspension, and ESI ionization on quan-
tification, labeled internal standards for the NAAs of interest should be 
suspended in the earliest extraction solvent (ng/mL scale 
[277,279,280]). Due to the large variety of NAAs, a labeled version of 
the NAA of interest might not always be available. In that case, the 
extraction solvent should contain at least one labeled NAA from each of 
the 6 families mentioned previously. 

NAAs can be challenging to quantify. Some NAAs have shown clear 
signs of matrix suppression, making solid phase extraction a crucial step 
in the preparation of many NAAs [47]. Additionally, NAA concentration 
can be as low as pg/g of sample, making sensitive techniques or puri-
fication required in order to detect them [273,281]. NAAs are a broad 
class of molecules, as there are a large variety of acyl chains that each 
molecule can use as their acyl group. Some acyl groups may be unsat-
urated. While MS can demonstrate the presence of a double bond, 
elucidating the location of the double bond is challenging and better 
suited for a method like NMR. No extraction method will universally 
extract all NAAs well, so it is important to carefully consider which NAAs 
are of primary interest before selecting an extraction method. 

6. Conclusion 

The microbiome has a vast role in host metabolism through its pro-
duction and modification of small molecules. Growing knowledge of this 
role has led to increased needs for quantification of microbial meta-
bolism, though challenges remain (Box 1). Samples should be acquired 
using a method that minimizes contaminants and stored to prevent their 
degradation, but the chosen methods may depend on the specific mol-
ecules being investigated. Many instruments and types of analysis are 
available for quantification, each with its own use cases and limitations. 
SCFAs and bile acids are some of the most commonly analyzed mole-
cules, but other classes have biological relevance of their own. 
Furthermore, increasing implementation of untargeted approaches is 

Table 7 
MS-based trimethylamine N-oxide quantification methods.  

Quantification 
Method 

Reference Sample 
Type 

Extraction Column Mobile Phase Ionization 
Method 

Molecule 
(s) 

LC-MS Le et al., 2018  
[46] 

Serum Acetonitrile C18, C18- 
PFP, HILIC 

A: Water + 0.1 % formic acid. 
B: Acetonitrile + 0.1 % 
formic acid 

ESI - Positive 
mode 

TMAO  

Hefni et al., 
2021 [262] 

Urine Water. Derivatizatized with 
iodoacetonitrile in acetonitrile:methanol 
(9:1. v/v) 

HILIC 30:70 Water:acetonitrile +
25 mM ammonium formate 

ESI - Positive 
mode 

TMAO   

Plasma Not diluted. Derivatizatized with 
iodoacetonitrile in acetonitrile:methanol 
(9:1. v/v)     

GC–MS Bain et al., 
2004 [268] 

Plasma Acidification with 0.01 M HCl before 
adding water. Addition of 5 M KOH to 
improve volatilization 

SPB-1 Helium, flow rate 60 mL/min EI TMAO  

Table 8 
NMR-based trimethylamine N-oxide quantification methods.  

Quantitation 
Method 

Reference Sample 
Type 

Solutions NMR Molecule 
(s) 

1H NMR Garcia 
et al., 
2017  
[264] 

Plasma Aqueous 
citrate 
buffer 
(pH =
4.4) 

400 MHz 
with a 4- 
mm 
indirect 
detection 
probe 

TMAO  

J. Roach et al.                                                                                                                                                                                                                                   



Methods 222 (2024) 81–99

92

leading to the discovery of novel microbial metabolites.  
This review focused on molecular classes produced by microbiome 

bacteria, but more is being discovered about metabolites produced by 
other microbiome members. For instance, the presence of the protozoa 
Blastocystis has been associated with higher abundance of archaea like 
Methanobrevibacter smithii; M. smithii, in turn, supports human health by 
removing end products of bacterial fermentation which supports glycan 

digestion and helps to increase butyrate production [282]. 
Microbial metabolism is an expansive topic given the complexities of 

its composition and methods of analysis. Indeed, there are many unique 
specialized metabolites that we were regretfully unable to cover here 
due to a lack of space, which include, but are not limited to piericidins 
[283,284], p-cresol [285,286], and exopolysaccharides [287,288]. 
While methods for quantifying these classes and others are not explicitly 

Table 9 
N-acyl amide quantification methods.  

Quantification 
Method 

Reference Sample 
Type 

Extraction Column Mobile Phase Ionization 
Method 

Molecule(s) 

LC-MS Cohen et al., 
2017 [269] 

Bacterial 
cultures 

Ethyl acetate C18 A: Water + 0.1 % formic 
acid. B: Acetonitrile +
0.1 % formic acid 

ESI - Positive 
and negative 
mode 

N-acyl glycines, N- 
acyloxyacyl lysines, N- 
acyloxyacyl glutamines, N- 
acyl lysines/ornithines, N- 
acyl alanines, N-acyl serinols  

Tørring 
et al., 2017  
[272] 

Bacterial 
cultures 

n-butanol C18 A: Water + 0.1 % formic 
acid. B: Acetonitrile +
0.1 % formic acid 

ESI - Positive 
mode 

N-acyl histidines  

Xue et al., 
2021 [47] 

Serum Methanol + 0.1 % formic acid. 
Mixture preconditioned with a 
C18 solid phase extraction 
column. 

C18 A: Water + 0.1 % formic 
acid. B: Acetonitrile +
0.1 % formic acid 

ESI - Positive 
mode 

N-acyl homoserines   

Liver, 
Cecum 

Methanol, followed by 
dichloromethane:methanol (1:1. 
v/v). Mixture preconditioned 
with a C18 solid phase extraction 
column. 

C18 A: Water + 0.1 % formic 
acid. B: Acetonitrile +
0.1 % formic acid 

ESI - Positive 
mode 

N-acyl homoserines  

Tan et al., 
2009 [273] 

Brain Methanol followed by water. 
Preconditioned with a C18 solid 
phase extraction column. 

C18 A: 80:20 Water:methanol 
+ 1 mM ammonium 
acetate. B: 100 % 
methanol + 1 mM 
ammonium acetate 

ESI - Positive 
and negative 
mode 

N-acyl amino acids  

Box 1 
Challenges and opportunities  

a) Coverage. Even though ‘omics’ pipelines aim to cover all analytes, this is not achievable in metabolomics. Combining approaches, including 
extraction and instrumental methods, will increase coverage but also cost and complexity of acquisition and processing.  

b) Lack of consensus about methods. In parallel with the necessary requirement for diverse methods for different metabolite classes and for 
broad metabolite coverage, there is also sometimes considerable variation in methods implemented between research groups, even for the 
same metabolite class (see the multiple approaches described in this review’s tables). This can make comparisons between studies and 
between research groups challenging, especially for untargeted studies or studies that implement only relative quantification in a targeted 
workflow.  

c) Improved automation for sample preparation and metabolite extraction. Sample preparation for metabolomics experiments as well as 
metabolomics data acquisition steps lag behind sequencing preparation workflows in terms of automation. Improved automation at this step 
would increase reproducibility. This is a particular need with regards to tissue analysis.  

d) Lack of consensus about data processing pipelines. In addition to variability in sample preparation, there are often considerable differences in 
data processing between groups.  

e) Spatial distribution. Microbiome composition will differ between organs, sites, and even on the microscopic level. Likewise, microbial 
metabolism is context-dependent and will differ from the microscopic to the macroscopic scale. This represents a challenge, in that spatial 
analysis is required to obtain comprehensive information about microbiota metabolism. However, this spatiality is also an opportunity to 
better understand regulators of metabolism and how they affect health. 

f) Annotation challenges. The discovery of novel microbial metabolites is hampered by database biases, which may favor mammalian me-
tabolites to the detriment of microbial metabolites. However, there is currently considerable effort being expended to address this issue. 
Structure elucidation is often labor-intensive and costly, but this is critical to go beyond known molecules and increase biological insight.  

g) Challenges of confirming a microbial source for a novel metabolite. Microbial metabolite production may be context-dependent. Thus, 
production may not always be observed in the artificial monoculture settings that are often used to confirm the producing organism. New 
culture techniques are helping address this issue.  

h) Better integration between microbiome metabolomics and the natural product field, especially with regards to workflows for the discovery of 
novel microbial metabolites. A major strength of natural product chemistry is its focus on de novo elucidation of novel structures, including 
those produced by microorganisms. However, there is sometimes a lack of interaction between metabolome researchers and natural product 
chemists.  

i) Lack of commercially available standards. This can hamper confirmation of structural annotations, as well as data normalization and cross- 
study comparisons.  

j) Method cost. Most microbial metabolite quantification techniques are costly and may be labor-intensive. Cheaper methods including point of 
care approaches, test strips, and at-home options will be critical to ensure personalized medicine applications.  
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mentioned here, quantitative methods can be inferred from this review 
based on structural similarities. For example, in the case of p-cresol, 
methods highlighted for kynurenine and its derivatives would likely 
work well. 

Tools at each step of the process are continuing to be developed, 
which will lead to improved application to medicine, especially with the 
growing need to tailor health approaches to the individual. As this area 
of research expands, more light will be shed on the best practices for 
microbiome metabolism quantification and its applicability to human 
health. A key ongoing and future step will be to go from quantification to 
functional insight, and to the development of new interventions. 
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[225] C. Gómez, S. Stücheli, D.V. Kratschmar, J. Bouitbir, A. Odermatt, Development 
and Validation of a Highly Sensitive LC-MS/MS Method for the Analysis of Bile 
Acids in Serum, Plasma, and Liver Tissue Samples, Metabolites. 10 (2020), 
https://doi.org/10.3390/metabo10070282. 

[226] G.A. Nagana Gowda, N. Shanaiah, A. Cooper, M. Maluccio, D. Raftery, Bile acids 
conjugation in human bile is not random: new insights from (1)H-NMR 
spectroscopy at 800 MHz, Lipids. 44 (2009) 527–535. 

[227] G.A.N. Gowda, O.B. Ijare, B.S. Somashekar, A. Sharma, V.K. Kapoor, C. 
L. Khetrapal, Single-step analysis of individual conjugated bile acids in human 
bile using 1H NMR spectroscopy, Lipids. 41 (2006) 591–603. 

[228] M. Zhou, J. Shao, C.-Y. Wu, L. Shu, W. Dong, Y. Liu, M. Chen, R.M. Wynn, 
J. Wang, J. Wang, W.-J. Gui, X. Qi, A.J. Lusis, Z. Li, W. Wang, G. Ning, X. Yang, D. 
T. Chuang, Y. Wang, H. Sun, Targeting BCAA Catabolism to Treat Obesity- 
Associated Insulin Resistance, Diabetes. 68 (2019) 1730–1746. 

[229] J. Gojda, M. Cahova, Gut Microbiota as the Link between Elevated BCAA Serum 
Levels and Insulin Resistance, Biomolecules. 11 (2021), https://doi.org/10.3390/ 
biom11101414. 

[230] A. Agus, K. Clément, H. Sokol, Gut microbiota-derived metabolites as central 
regulators in metabolic disorders, Gut. 70 (2021) 1174–1182. 

[231] M.A.B. Siddik, A.C. Shin, Recent Progress on Branched-Chain Amino Acids in 
Obesity, Diabetes, and Beyond, Endocrinol Metab (seoul). 34 (2019) 234–246. 

[232] C.B. Newgard, J. An, J.R. Bain, M.J. Muehlbauer, R.D. Stevens, L.F. Lien, A. 
M. Haqq, S.H. Shah, M. Arlotto, C.A. Slentz, J. Rochon, D. Gallup, O. Ilkayeva, B. 
R. Wenner, W.S. Yancy Jr, H. Eisenson, G. Musante, R.S. Surwit, D.S. Millington, 
M.D. Butler, L.P. Svetkey, A branched-chain amino acid-related metabolic 
signature that differentiates obese and lean humans and contributes to insulin 
resistance, Cell Metab. 9 (2009) 311–326. 

[233] L. Yu, Q. Zhu, Y. Li, P. Song, J. Zhang, Dietary Branched-Chain Amino Acids 
(BCAAs) and Risk of Dyslipidemia in a Chinese Population, Nutrients. 14 (2022), 
https://doi.org/10.3390/nu14091824. 

[234] V. Ramos-Garcia, I. Ten-Doménech, A. Moreno-Giménez, L. Campos-Berga, 
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B. Breteler, F. Mattivi, Metabolic Profiling of Human Plasma and Urine, Targeting 
Tryptophan, Tyrosine and Branched Chain Amino Acid Pathways, Metabolites. 9 
(2019), https://doi.org/10.3390/metabo9110261. 

[249] D. Weber, P.J. Oefner, A. Hiergeist, J. Koestler, A. Gessner, M. Weber, J. Hahn, 
D. Wolff, F. Stämmler, R. Spang, W. Herr, K. Dettmer, E. Holler, Low urinary 
indoxyl sulfate levels early after transplantation reflect a disrupted microbiome 
and are associated with poor outcome, Blood. 126 (2015) 1723–1728. 

[250] J. Zhen, P. Zhao, Y. Li, Y. Cai, W. Yu, W. Wang, L. Zhao, H. Wang, G. Huang, 
A. Xu, The Multiomics Analyses of Gut Microbiota, Urine Metabolome and Plasma 
Proteome Revealed Significant Changes in Allergy Featured with Indole 
Derivatives of Tryptophan, J. Asthma Allergy. 15 (2022) 117–131. 

[251] M.G. Esperanza, K. Wrobel, A.G. Ojeda, M.E. Garay-Sevilla, A.R.C. Escobosa, E. 
Y. Barrientos, K. Wrobel, Liquid chromatography-mass spectrometry untargeted 
metabolomics reveals increased levels of tryptophan indole metabolites in urine 
of metabolic syndrome patients, Eur. J. Mass Spectrom. 26 (2020) 379–387. 

[252] R. Fuertig, A. Ceci, S.M. Camus, E. Bezard, A.H. Luippold, B. Hengerer, LC-MS/ 
MS-based quantification of kynurenine metabolites, tryptophan, monoamines and 
neopterin in plasma, cerebrospinal fluid and brain, Bioanalysis. 8 (2016) 
1903–1917. 

[253] H. Guo, Y. Jiao, X. Wang, T. Lu, Z. Zhang, F. Xu, Twins labeling-liquid 
chromatography/mass spectrometry based metabolomics for absolute 
quantification of tryptophan and its key metabolites, J. Chromatogr. a. 1504 
(2017) 83–90. 
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