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A cross species metabolomics analysis on the effect of biological stressors such as depression 

and sleep loss on the host metabolome 

by 

 

Fernando Vargas 

Doctor of Philosophy in Biology 

University of California, San Diego, 2019 

 

Professor Pieter C. Dorrestein, Chair 

Professor Rachel Dutton, Co-Chair 

 

My dissertation research focused on the development of robust, high-throughput liquid-

chromatography tandem mass spectrometry (LC-MS/MS) platforms for the rapid 

characterization of the gut/host metabolome. Metabolomic variations in abundance and 

structural information were captured via MS1 and MS2 spectra. Chemical differences in the 

metabolome between healthy and stressed subjects may serve as a diagnostic marker therefore, 

we aimed to develop a rapid LC-MS/MS platform to facilitate a more thorough understanding 
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of chemical changes within a host when stressed. 

Chapter II address the challenges associated with unwanted chemical background when 

using swabs as a sampling device. This process required the development of the Kendrick Mass 

Filter (KMF) for the computational removal of undesirable background. The KMF is intended 

to assist in situations where chemical background removal is not possible.  

Chapter III describes the development of the computational workflow MSMS-Chooser.  

A major hurdle in identifying chemicals in mass spectrometry experiments is the availability of 

MS/MS reference spectra in public databases. MSMS-Chooser enables the rapid generation of 

chemical standards reference spectra.   

Chapter IV presents a study investigating the effect Paroxetine, a selective serotonin 

reuptake inhibitor (SSRI), has on the microbiome and metabolome. LC-MS/MS and 16S rRNA 

profiling showed several primary and secondary bile acid level, and alpha diversity differences 

between Paroxetine and vehicle treated mice. These results highlight the need for more analysis 

on the side effects of drugs like SSRI’s.  

Chapter V presents a study testing whether stress and/or dietary prebiotics alter the fecal 

metabolome.  LC-MS/MS and 16S rRNA gene sequencing, showed that both stress and Test 

diet altered the fecal metabolome/microbiome.  These results reveal novel microbial-dependent 

metabolites that may modulate stress physiology and sleep. 

Chapter VI presents a study investigating the effect repeated sleep disruption have on 

the fecal microbiome and metabolome. We found global shifts in both the microbiome and 

metabolome in the sleep-disrupted group on the second day of recovery sleep, when most sleep 

parameters had recovered to baseline levels. Thus, repeated sleep disruption causes changes in 
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key features of the fecal microbiome and metabolome, some of which last for days after 

recovery of objective sleep measures.
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Chapter I 

 

Introduction 



 

2 

 

A.  Biological Stressors and the Microbiome 

 The gut microbiota has been shown to influence physiology, health, behavior, and stress 

(1-14); however, the particular microbes or microbial communities associated with 

physiological and behavior host response to stress remain largely unknown. Changes in the gut 

microbiome may affect the MGB axis through modulation of metabolite signals and associated 

changes in the host metabolome (15-23). Sleep deprivation and circadian misalignment, 

common during military operations, have been associated with microbiome dysbiosis, 

gastrointestinal distress, altered host metabolome, and impaired cognitive function, making 

them ideal conditions to study the MGB axis (23-30). Prebiotic dietary supplementation has 

been shown to change gut microbiota composition and confer health benefits, demonstrating its 

potential in gut microbiome therapy (16-19). One approach to gain access to the functional role 

of microbes is to understand the chemistry they produce, the chemistry they influence or how 

the chemistry enables the formation of a community A metabolomic perspective of the gut 

microbiota’s role in host stress response and host-microbiota interactions is critical for the 

development of effective strategies to increases stress robustness during military operations. 

 

B.  Metabolomics 

Metabolomics focuses on the identification and characterization of small molecules, or 

metabolites, within a biological system. The ability to screen, diagnose, and monitor neonatal 

metabolic disorders in clinics (e.g.  fatty acid oxidation disorders, amino acids disorders, and 

organic acidemias) has been one of the most important and successful applications of 

metabolomics in medical history. The two main methods used in metabolomic studies are 



 

3 

 

nuclear magnetic resonance (NMR) and mass spectrometry (MS). Despite great improvements 

in sensitivity, NMR still has orders of magnitude less dynamic range and sensitivity compared 

to MS. Therefore, NMR is seeing limited adoption by the larger microbiome community. MS 

is a powerful analytical instrument that measures molecules as charged ions and reports back 

their relative abundance. Its high sensitivity and sensitivity have made it an invaluable tool in 

metabolomic studies. 

Liquid chromatography mass spectrometry (LC-MS), has revolutionized the way 

molecules are analyzed. When liquid chromatography is applied to complex samples, physical 

separation of the molecules is based on the their affinity for the mobile phase and stationary 

phase of the column. LC-MS is frequently used to study the metabolome due to its ability to 

chromatographically separate and detect a large array of molecules in a high throughput fashion. 

If one is interested in specific molecules like host derived or microbially modified bile acids, 

microbially derived short chain fatty acids, or host-dependent tryptophan derivatives a targeted 

analysis is preferred. Targeted mass spectrometry is 20-1,000 fold more sensitive when 

comparing compared to an untargeted analysis. However, targeted mass spectrometry requires 

a priori knowledge of the molecules of interest, thereby limiting it utility in explorative studies. 

In untargeted metabolomics, one takes a broader look at the molecules present in the sample, 

and one does not have to have a priori knowledge of what molecules are going to be observed. 

One of the goals of untargeted mass spectrometry, is to develop chemical profiles of biological 

important phenotypes, and identify molecules or mass shifts within the sample via multivariant 

analysis. Such annotations can then be leveraged for targeted analysis in future experiment; 

thereby, increasing our understanding of the underlying biology of an observed phenotype. 
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C.  Research Objectives 

The development of a robust LC-MS/MS platform for the rapid analysis of the host/gut 

metabolome stress response was the overarching objective of my dissertation research. The 

chemical changes that occurred when a host is stressed may inform the functional role microbes 

play during the host stress response. We sought to acquire the metabolomic profile of the 

host/gut before, during, and after three different stressors: drug exposure, inescapable tail shock, 

and repeated sleep disruptions. Two computational methods, Kendrick Mass Filter (KMF) and 

MSMS-Chooser, were developed to  assist in this goal. The KMF workflow provides users with 

a method for the computation removal of unwanted chemical backgrounds, a common issues 

when samples are collected on swab sampling devices. The MSMS-Chooser workflow was 

developed to help address the annotation challenge that has prevented the identification of 

~95% of molecules in a typical LC-MS/MS run by creating an easy to use platform for the rapid 

generation of public high quality reference MS2 spectra. To measure the impact of prescription 

medication on gut homeostasis, one of the studies measured the effect paroxetine had on the 

gut metabolome. LC-MS/MS analysis showed that several bile acids were altered when mice 

were exposed to paroxetine, an unintended side effect that has never before been observed. To 

investigate the role prebiotics play in modulating stress, another study tested if stress and/or 

dietary prebiotics (Test diet) altered the fecal metabolome and explored if these changes were 

related to sleep and/or gut microbial alpha diversity. Network propagation analysis revealed 

that stress increased members of a neuroactive steroidal molecular family; and that the Test diet 

reduced this effect. To assess the impact of repeated sleep disruption on the host/gut 

metabolome, the last study exposed mice to five days of sleep disruption and assed the impact 
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on the gut metabolome. This study identified multiple classes of fecal metabolites that were 

differentially abundant in sleep-disrupted mice, which can potential be targeted to increase 

stress resilience in the context of sleep disruption. The culmination of my research is the 

development and implementation of an robust LC-MS/MS platform and data analysis workflow 

for the data acquisition and analysis of the host/gut metabolome after exposures to stressors 

like: sleep disruptions, drug exposure and inescapable physical trauma.  
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A.  Abstract 

 Polymers are a common component of chemical background which complicates data 

analysis and can impair interpretation. Undesired chemical background cannot always be 

addressed via pre-analytical methods, chromatography, or existing data processing methods. 

The Kendrick Mass Filter (KMF) is presented for the computational removal of undesired 

signals present in MS1 spectra. The KMF is analogous to mass defect filtering but utilizes 

homology information via Kendrick mass scaling in combination with chromatographic 

retention time and the number of observed signals. The KMF is intended to assist in situations 

in which current data processing methods to remove background, e.g. blank subtraction, are 

either not possible or effective. The major parameters affecting KMF were investigated using 

PEG 400 and NIST standard reference material 1950 (metabolites in human plasma). Further 

exploration of the KMF performance was tested using an extract of a swab known to contain 

polymers. An illustrative real-world example of skin analysis with polymeric signal is 

discussed. The KMF is also able to provide a high-level view of the compositionality of data 

regarding the presence of signals with repeat units and indicate the presence of different 

polymers. 

 

B.  Introduction 

 Mass spectrometry (MS) studies are prone to undesired chemical background. One 

source of undesired chemical background is polymers, such as polyethylene glycol (PEG), 

which are ubiquitous. Undesired polymer background can often be avoided by a trained scientist 
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under controlled laboratory conditions; however, the task of avoiding undesired polymer 

background is more difficult when collecting samples outside of the laboratory (e.g. sample 

collection by citizen-scientists). The typical mass spectrum that results from the presence of 

polymers is complex and consists of oligomers signals separated by the mass-to-charge (m/z) 

of the polymer unit repeat, viz. PEG spectra will contain ions of C2nH4n+2On+1. The presence of 

polymers and similar undesired chemical background can be so impactful as to preclude data 

interpretation, therefore methods to remove such interferences are needed. Pre-analytical 

methods, e.g. solid phase extraction, is a common means by which to negate the effect of 

unwanted background; however, such methods can be costly, time consuming, and often 

modify the molecule composition of the sample. Another possibility is to remove interfering 

chemical background through chromatographic methods. Compensation for chemical 

background can also be performed by data processing methods, e.g. blank subtraction; however, 

this approach relies on co-analyzing samples which faithfully recapitulate the source of the 

undesired chemical background. When the source is unknown or not anticipated in the 

experimental design, removal of undesired chemical background is challenging. Here, we 

propose using the Kendrick Mass Filter (KMF) to assist in computationally removing undesired 

polymer signals. The KMF is intended to address the following gap: (i) the polymer background 

cannot be removed by pre-analytical methods (or modification of the molecular composition is 

unwanted, e.g. untargeted metabolomics), (ii) data processing via blank subtraction is not 

possible as the source cannot be faithfully recapitulated, or (iii) cases in which data has already 

been collected but rendered useless by undesired chemical  background. 
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The Kendrick mass filter combines Kendrick mass scaling with mass defect filtering 

(MDF) (1). The Kendrick mass is calculated by rescaling the m/z of each ion to an integer value 

of the unit repeat, differing from the IUPAC definition (i.e. 12C is equal to 12 unified atomic 

mass units). The defect, i.e. Kendrick mass defect (KMD), between the Kendrick scaled m/z 

and the integer Kendrick mass value (i.e. rounded Kendrick scaled m/z) is similar between 

homologous compounds. Homologous compounds can be readily identified by plotting of 

integer Kendrick values versus the KMD, providing an interpretable scatterplot, in which 

homologous compounds are horizontally aligned. Kendrick mass plots and similar 

visualizations, e.g. Van Krevelen diagrams, have been applied in the fields of petroleomics (2), 

dissolved organic matter (3), and other complex mixtures. Improvement to the visualization of 

Kendrick mass plot continues, most recently with the introduction of fractional base units which 

improves the visual resolving power of polymers (4). Mass Defect Filtering (MDF) has been 

used to perform selection and removal of data centered around a user-defined mass defect, 

calculated using the IUPAC mass scale (5). MDF has been applied in the study of drug 

metabolism (6), removal of salt clusters in LC-MS metabolomics data (7), and natural product 

chemistry (8). The KMF is rooted in MDF analysis but utilizes additional information via the 

KMD that can be used to determine homology. Here, we report the proof-of-concept for the 

computational removal of undesired mass spectral features possessing repeat units by KMF. 

 

C.  Materials and Methods 

1.  Sample Preparation and Data Acquisition  
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NIST standard reference material 1950 metabolites in frozen human plasma (9), 

polyethylene glycol 400 (PEG 400), swab extracts, and human skin samples collected using 

swabs were analyzed using liquid chromatography – mass spectrometry using a quadrupole-

Orbitrap mass spectrometer (Q Exactive, Thermo Scientific) or quadrupole time-of-flight (ToF) 

mass spectrometer (maXis Impact, Bruker). Sample preparation and instrumental parameters 

are detailed in the Supplementary Information. QExactive files (.raw) were converted to 

.mzXML via MSConvert (10). The qToF files (.d) were exported using DataAnalysis (Bruker) 

as .mzXML files after lock mass correction. MS1 feature finding was performed subsequently 

in MZmine2 (11), with parameters described in the Supplementary Information. The MS1 

feature matrix for NIST plasma, swab extract, PEG 400, and swab spiked plasma was split and 

individual matrices were compared. Shared variables as well as variables for which all peak 

area values were zero were excluded. The same operations were performed on data collected at 

17,500 and 70,000 mass resolution on the QExactive. 

 

2.  Kendrick Mass Filtering and Data Processing 

Kendrick mass filtering is performed by importing the MS1 feature matrix and rescaling 

the m/z values according to the unit repeat (Equation S1), viz. when filtering for PEG the 

measured m/z are scaled by 44 divided by 44.0262. The rescaled data is then used to calculate 

the KMD via subtraction of the exact Kendrick mass from the nominal Kendrick mass 

(Equation S2). All possible Kendrick scaled differences in m/z are calculated pairwise. The 

difference between two peaks must be the integer repeat unit (e.g. PEG, 44) and the ΔKMD 

less than the user-defined ΔKMD. The retention time (RT) window (e.g. 60 s) is used in 



 

15 

 

determining filtering. In addition to ΔKMD and retention time exclusion criteria, the pairwise 

comparison of MS features, which meet ΔKMD and RT criteria is used to determine the number 

of observed signals (NOS) (Figure 2.S1). The final matrix is exported as comma-separated 

values (.csv). 

The Kendrick Mass Filter (KMF) computationally removes ions (or MS1 features if 

performing chemical separation prior to MS), regardless of spectral abundance, from mass 

spectral data, which meet filtering criteria. Our implementation of the KMF allows the user to 

customize three parameters: Kendrick Mass Defect (ΔKMD), chromatographic retention time 

(RT), and the number of observed signals (NOS). We tested all combinations of the following 

parameter values: ΔKMD, 0.001, 0.0015, 0.002, 0.0025, 0.005, 0.0067, 0.0075, 0.01, 0.0125, 

0.015, 0.02, 0.025, 0.033, 0.05, 0.067, 0.1; RT, 0.10, 0.15, 0.20, 0.25, 0.30, 0.40, 0.50, 0.60, 

0.70, 0.80, 0.90, 1.00, 1.25, 1.50, 1.75, 2.00; and NOS, 2, 3, 4, 5, 6. Scaling of mass spectral 

data to the Kendrick mass scale and computation of the KMD provides a common visual output, 

the Kendrick mass plot, in which homology is represented by horizontal alignment of points. 

Kendrick mass scaling, or any rescaling, preserves the m/z differences present in the samples. 

The rationale for scaling in the KMF algorithm, beyond the visual benefit of the Kendrick mass 

plots, is that a KMD value can be defined rather than defining a slope and y-axis offset as is 

necessary if the non-scaled mass spectral data is used, illustrated by the Kendrick mass plot and 

mass defect plot of PEG 400 in Figure 2.S2 Retention time is only relevant when chemical 

separation is performed prior to mass spectrometric analysis. The rationale behind inclusion of 

the retention time is that the probability of non-desired filtering is likely to increase as the RT 

criterion is relaxed. In the case of polymers, retention time is influenced by the oligomer length 
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and chemical composition. Fundamentally, each oligomer can be separated in time using 

chromatography; however, impractical and tangential when analyzing samples for non-

polymeric molecules. The inclusion of the number of observed signals (NOS) criterion is 

intended to increase the stringency of filtering. Only spectral peaks (or MS1 features) which 

have a sufficient number, defined by the user, of observed peaks (or MS1 features) with Δm/z 

equal to the repeat unit will meet the criterion. The minimum NOS value is 2, which 

corresponds to a pair of oligomer signals. The rationale is that if homologous molecules with 

repeat units are present then multiple oligomer ions will be detected as is the case in mass 

spectra of polymers. Fundamentally, the greater the NOS equates to more specific filtering; the 

cost of specificity is the potential for features to remain unfiltered (loss of sensitivity). In 

practice, the balance between non-specific filtering versus specific removal of undesired signals 

(MS1 features) must be assessed on a case-by-case basis.     

 

3.  Data Availability 

 The KMF and associated plots are available on GitHub 

(https://github.com/DorresteinLaboratory/Kendrick_Mass_Filter). The KMF was written in R 

and is available as a Jupyter notebook. Data discussed in this manuscript are publically available 

at MassIVE (http://massive.ucsd.edu) via the following MassIVE IDs: MSV000081544 and 

MSV000081548. Principal component analysis (PCA) was performed in R using the 

pcaMethods package applying the Nonlinear Iterative Partial Least Squares algorithm, after 

Pareto scaling (12). Figures were generated with R standard plot function and ggplot2 package 

and formatted in Adobe Illustrator. 
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D.  Results and Discussion 

1.  Optimization for PEG 400 removal while minimizing feature removal 

from NIST plasma standard reference material  

The effect of KMF parameters will vary with different data and parameters should be 

selected carefully, balancing removal of features with specificity. We defined the following 

goal: maximize the filtering of PEG 400 features while minimizing the number of plasma 

features filtered. We evaluated parameter selection using plasma spiked with PEG 400. The 

ideal parameters in this instance were determined by plotting the ratio of PEG 400 to plasma 

MS1 features filtered versus the number of PEG 400 MS1 features filtered; the points were 

colored by the MS1 features filtered from the plasma spiked with PEG 400 (Figure 2.1). 

Triplicate technical measurements, of PEG 400, plasma spiked, and plasma spiked with PEG 

400 were used. Each point in the plot represents a different set of KMF parameters (restricted 

to parameters tested). The uppermost grouping corresponded to the greatest filtering of PEG 

400 features (y-axis) as well as the greatest number of filtered features in the plasma spiked 

with PEG 400 sample (colored light-green and yellow). The vertical groupings result from 

different NOS values. In fulfilling the defined goal (the smallest ratio), the leftmost points in 

the uppermost grouping are the most suitable sets of KMF parameters. Contrastingly, if filtering 

is desired with no regard to potential over filtering, then points (sets of KMF parameters) in the 

rightmost and uppermost grouping and their respective parameters should be used. An 

interactive plot was created (see Experimental section), which displayed the x and y values 

when hovering over a point. The values were used to look up the associated set of KMF 
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parameters (ΔKMD, RT, and NOS) in the optimization table (electronic supplementary 

information – Table S2.1), and displayed in Figure 2.S3. The parameters chosen (associated 

with the point 0.4285, 84 in Figure 2.1) were as follows: ΔKMD of 0.01, RT of 0.8 min, and 

NOS of 2. 

The effect of KMF parameters (ΔKMD, RT, and NOS) on the number of MS1 features 

filtered were systematically explored using PEG 400 and NIST 1950 plasma standard reference 

material (SRM) based on the previously determined KMF parameters. The effect of KMF is 

displayed in Figure 2.2a-b, isolating RT as a variable (held constant at 0.8 min). PEG 400 MS1 

features filtered, i.e. those meeting the KMF criteria, (Figure 2.2a) were substantially affected 

by the ΔKMD parameter. The number of features filtered quickly increased and arrived at a 

plateau resulting from the removal of all apparent PEG features. The filtering of plasma MS1 

features, not desired, were less affected by the KMF with ΔKMD values <0.015, Figure 2.2b, 

filtering increased with increasing ΔKMD. The NOS parameter, increasing from 2 (red) to 6 

(purple), reduced the overall number of features filtered in PEG 400 as well as plasma which 

reflects the intended increase in stringency. Figure 2.2c, the overall number of MS1 features 

filtered were less with a NOS of 6 compared to a NOS of 2 (most to least stringent, 

respectively), but a similar ratio of PEG 400 to plasma features is obtained at the local minimum 

(~0.01) which mirrors the ΔKMD parameter chosen during optimization.   

The effect of RT on filtering is presented in Figure 2.2d-e, isolating ΔKMD (value held 

constant at 0.01). The filtering of PEG 400 MS1 features increased with a larger RT parameter. 

The RT parameter is expected to change based on the chromatographic separation. Figure 2.2d, 

filtering increased quickly with small RT parameter (<0.25 min) increases, afterwards filtering 
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of features plateau with a retention time greater than 0.5 min. The filtering of plasma MS1 

features, Figure 2.2e, increased more slowly at small RT parameter values comparatively. This 

observation supports that PEG is selectively filtered, but the probability of selecting non-desired 

signals increases as RT increases. Increasing the NOS parameter reduces the overall number of 

features filtered in PEG 400 and plasma, Figure 2.2f, similar to the behavior observed with the 

ΔKMD parameter. 

The ΔKMD values tested mirror the range of m/z accuracy from high to low mass 

resolution analyzers, e.g. Orbitrap and ToF to linear ion traps to quadruples. The results of the 

KMF, and any similar mass defect filter, are dependent on m/z accuracy. Mass drift, space 

charge, and peak symmetry could all influence KMD, not evaluated extensively here. However, 

the effect of acquiring data at different mass resolutions (17,500 and 70,000 using an Orbitrap 

mass analyzer) was briefly explored. The number of PEG 400 feature filtered were similar 

between data collected at 17,500 and 70,000; however, the number of plasma features filtered 

was generally less at 70,000 compared to 17,500. This behavior is believed to be attributed to 

the improved mass accuracy in data acquired at greater mass resolution. The full extent of 

different data acquisition parameters was not tested in this work. 

The data which results from KMF of PEG 400 (Figure 2.3a-e) and plasma (Figure 2.3f-

j) collected at a resolution of 17,500 are displayed; KMF results for data collected at a resolution 

of 70,000 can be found in Figure 2.S4. The Kendrick mass plot for PEG 400, Figure 2.3a, 

displays the MS1 features originally present (black) and those which were filtered (red). A large 

number of the horizontally aligned features within a narrow Kendrick mass defect, suggesting 

homologous molecules, were filtered. The majority of the MS1 features which we identified as 
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PEG 400 oligomers (MS2 supporting putative identification is shown in Figure 2.S5), eluting 

between two and four minutes, could be removed using the defined parameters, Figure 2.3b. 

The MS1 feature spectrum, i.e. plot of all m/z values and their corresponding abundance 

regardless of their retention time, prior to application of the KMF is displayed in Figure 2.3c. 

The spectrum of MS1 features retained (those not filtered), Figure 2.3d, indicated near complete 

removal of PEG 400 oligomer signals. The spectrum of MS1 features filtered by the KMF is 

displayed in Figure 2.3e which contains many oligomer signals present in the original 

spectrum.  Upon closer inspection of the m/z differences of signals which were not filtered in 

the PEG 400 sample, differences between the apparent oligomer peaks did not match the Δ m/z 

requirement to be filtered. The MS1 feature finding algorithm can cause the m/z to fluctuate, by 

averaging the m/z over the aligned samples, and is believed to be the origin of the observed 

mass difference rather than m/z measurement error. The filtering of plasma was minimal, a 

desired result in this instance, as evident in the Kendrick mass plot (Figure 2.3f), MS1 feature 

plot (Figure 2.3g), and the MS1 feature spectrum prior to filtering (Figure 2.3h), MS1 features 

retained after filtering (Figure 2.3i), and spectrum MS1 features removed by the KMF (Figure 

2.3j).  

In addition to visual inspection of the filtered peaks as displayed in Figure 2.3 and 

parameter optimization, we recommend the use of Kendrick mass plots and fractional base units 

as described in Fouquet and Sato which can improve the visual resolving power of oligomeric 

series (4). The KMF using fractional base units is available in the supplementary code 

(https://github.com/DorresteinLaboratory/Kendrick_Mass_Filter) allowing one to quickly 

change the fractional base unit and create plots. Another visual inspection tool available in the 
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supplementary code is the Gaussian shape tool that takes advantage of the Gaussian shape of 

most oligomeric series. 

 

2.  Testing of KMF for the removal of PEG in NIST plasma standard 

reference material spiked with a swab extract  

An aliquot of plasma was spiked with a swab extract, which was known to contain 

polymers, and measured in triplicate. This sample illustrates a scenario in which complex 

undesired chemical background is present. The MS1 spectra indicated polymer ions, primarily 

PEG oligomers, which was confirmed by MS2, Figure 2.S6. The KMF parameters chosen 

previously, maximizing the filtering of PEG 400 while minimizing the number of plasma 

features filtered, were used (ΔKMD = 0.01, RT = 0.8 min, and NOS = 2). The Kendrick mass 

plot, Figure 2.4a, and MS1 feature plot, Figure 2.4b, display a large number of features, which 

met the KMF criteria. The original MS1 feature spectrum, Figure 2.4c, is composed 

predominantly of signals, which appear to originate from plasma. However, a large number of 

peaks at approximately 10% of the base peak appeared to be oligomers (based on equal 

spacing). Those apparent polymer features are reduced in the KMF filtered MS1 feature 

spectrum (Figure 2.4d). The KMF features which were removed, plotted in Figure 2.4e, 

indicated a large number of low abundance ions. Incidentally, one abundant ion at m/z 496.3400 

which is not believed to be an oligomer signal was filtered. 

 

3.  KMF of axilla skin swab samples in organ transplant cohort reduces 

spectral complexity associated with uncontrolled deodorant use 
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Untargeted metabolomics analysis performed on human skin samples from organ 

transplant patients on immunosuppressive therapy (n = 302), sampled using moistened cotton 

swabs, were processed using the KMF. One initial question posed was whether the endogenous 

metabolomic information acquired from hand, face, and axillary skin samples were different. 

PCA was performed on the untargeted metabolomic data after row sum normalization and 

pareto scaling. The PCA score plot, principal component 1 (i.e. PC1) vs principal component 2, 

for the original data is plotted in Figure 2.5. The molecular differences detected in hand, face, 

and axilla samples resulted in only very moderate separation of hand, face, and axillary samples 

(red, green, and black, respectively). The dispersion of sample points in the score plot, Figure 

2.5a, along PC1 (the PC of greatest contribution to data variance; 8.6%) was investigated and 

found to be partly due to the presence of polypropylene glycol (PPG) oligomer ions. Additional 

PCA score plots and loading values can be found in the supplementary information (Figure 

2.S7, Table 2.S1, and electronic supplementary information – Table 2.S2). The PPG oligomer 

signals were characteristically separated by m/z 58.0419 (an illustrative example is shown in 

Figure 2.6c). These peaks were detected in the axilla samples from a number of, but not all, 

subjects. We hypothesize that the presence of PPG is related to deodorant use as PPG is present 

in the formulation of deodorant and other skin care products.  

 In this instance, the removal of the variance due to the PPG ions in the data was desired 

in order to better visualize the compositional differences between hand, face, and axillary 

samples independent of deodorant use. The KMF was adjusted for PPG, i.e. Kendrick mass 

scaling and the specification of the integer unit repeat. The parameters previously used for the 

filtering of PEG were applied here, i.e. ΔKMD of 0.01, RT of 0.8, and NOS of 2. The Kendrick 
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mass plot and MS1 feature plot are displayed in Figure 2.6a, b. respectively. A large number 

of features meet the KMF filtering criteria, which while not surprising in this case illustrates 

how many MS1 features can be linked to polymers and how such information can complicate 

interpretation. The KMF removed singly- and doubly-charged species (Figure 2.S8). The m/z 

difference and homology is preserved between the nth oligomer peak equal to the charge in the 

oligomer distribution, for example the 2nd consecutive PPG oligomer from any signal in a 

doubly-charged distribution would meet the Δm/z 58 filtering requirement for PPG. The 

accuracy of filtering for multiple charged ions was not evaluated in this work. A representative 

MS1 feature spectrum from subject BF1637, right axillary, is displayed prior to KMF in Figure 

2.6c. The MS1 feature spectrum of retained features is shown in Figure 2.6d. The MS1 feature 

spectrum displaying the features filtered is plotted in Figure 2.6e which clearly indicates the 

majority of PPG features in this PPG dominated example were removed.PCA was performed 

on the KMF data, Figure 2.5b. The differential grouping of axilla samples compared to skin 

(hands and face) is more apparent, and the PCA loadings indicate that the largest source of 

variance, PC1 (5.0%), no longer is associated with PPG oligomers peaks (PCA loadings are 

tabulated in Table 2.S2 and electronic supplementary information – Table 2.S4). PCA score 

plots visualizing combinations of different PCs can be found in the Supplementary Information 

(Figure 2.S9). Note, differences in the PCA score plot are anticipated when changing the 

number of variables. This real-world experiment exemplifies a situation in which control over 

the polymer content would have been problematic without control of deodorant use a priori, 

and one in which a large number of different polymer sources are possible, which makes proper 

controls difficult to obtain. The KMF processing of data improved interpretation and 
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investigation of the initial question of differentiating hands, face, and axillary samples based on 

the endogenous metabolome. However, it should be noted that filtering of the data to remove 

polymer ions does not compensate for the signal suppression caused by polymers during 

electrospray ionization which will influence the ions observed as well as abundance 

measurement. 

 

4.  KMF for exploring data compositionality 

A priori knowledge of undesired chemical background is rare, and the KMF is 

particularly suitable in such scenarios (e.g. unknown or unanticipated source of background). 

In addressing the lack of a priori knowledge, we applied the KMF to explore data 

compositionality prior to the filtering step. Compositional analysis in this manner is intended 

to be only informative; the performance of evaluating the accuracy of selection was not 

evaluated in this study. As the combinatorial nature of the filtering criteria can generate false 

positives, manual inspection of selected signals is recommended. 

 The data compositionality of plasma sample spiked with a swab extract (n = 3), 

previously discussed when optimizing KMF parameters, is displayed in Figure 2.7. The 

evaluated background ions were split into the following categories: composition, containment, 

and source. Note, the evaluated background was not comprehensive, but users can add 

background signals of interest to the freely available code. The contaminant category included 

common background polymers and signals including perfluorinated molecules (unit repeat of 

CF2), polysiloxanes, PPG (unit repeat of C3H6O1), and PEG (unit repeat of C2H4O1). 

Compositional analysis via KMF of the plasma sample spiked with a swab extract, Figure 2.7, 
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indicated the presence of a large number of PEG MS1 features matching expectation. Few 

features meet the criteria for other polymers. The composition category included unit repeats 

with masses associated with CH2, C2H4, C3H6, C4H8, and O, similar to traditional uses of 

Kendrick mass analysis of data. MS1 features associated with the composition category are only 

informative in this instance and should not be filtered, but reveal high-level information on 

sample components. Similarly, the source category is largely informative in this instance, but 

could be valuable in understanding ionization generated signals, intentionally or inadvertently. 

The accuracy in determining the presence of MS1 features belonging to the source category is 

beyond the scope of this publication, but the aim of future studies. 

 

E.  Conclusions 

 Mass spectrometry, particularly untargeted analysis, frequently encounters some degree 

of chemical background such as polymers. Systematic investigation of the KMF user-defined 

parameters, ΔKMD, RT, and NOS, was performed using a PEG 400 standard and plasma. 

Testing of the KMF parameters determined using the PEG 400 and plasma were applied to 

plasma spiked with a swab extract, illustrative of a situation in which complex undesired 

chemical background is present. The MS1 features, which were not filtered in the MS1 feature 

plot were highly reminiscent of those in the plasma standard MS1 feature plot. Further, the 

spectrum of plasma spiked with swab extract was very similar to that of the plasma standard. 

The skin samples obtained from the organ transplant recipients illustrate the effects of 

uncontrolled polymer background on multivariate statistical analysis – the observation of which 

is likely amplified by the low biomass skin samples analyzed – and how the KMF can be used 
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to remove such interferences and clarify interpretation. The KMF was also used to explore the 

composition of the data acquired providing a high-level overview of MS1 features, which 

display unit repeat homology without a priori knowledge. Such an analysis might serve as a 

first step to determine which signals are most abundant and the target of subsequent filtering. 

The parameters in this instance were determined by maximizing the filtering of PEG 

400 MS1 features while minimizing NIST plasma SRM. In general, parameters should be 

selected based on the data and weighing desired outcomes (e.g. the extent of filtering against 

inappropriate removal of non-polymer ions). Ideally, the best use case requires a pilot 

experiment in which the desired polymer can be spiked into the matrix allowing the ideal 

parameters to be determined; this process is usually not feasible due to time and resource 

constraints. Given the constraints, we recommend that users run the filter on a few 

representative samples, and use the plots provided in the supplementary Jupyter notebook to 

adjust the parameters and inspect the filtering results. Confirmation of MS1 features which are 

retained or filtered is recommended. We further recommend the use of GNPS (13) for MS2 

queries for putative metabolite identification and contribution of background MS2 spectra into 

the public spectra library. 

The KMF is not intended to replace appropriate study design and careful sample 

handling. It is intended to be used in situations in which other options, e.g. background 

subtraction, are not possible or ineffective. The proposed KMF can theoretically be applied to 

mass spectral data obtained using any mass analyzer; however, mass accuracy will influence 

filtering. Additionally, the method by which MS1 feature finding is performed will influence 

filtering quality. We anticipate that the KMF could also be used when chemical separation is 
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not performed, e.g. matrix-assisted laser desorption, nanoelectrospray, and ambient ionization 

techniques. We envision the use of the KMF to select only polymer ions in MS1 data, filtering 

all non-polymer MS1 features, in order to study the polymer content of samples. 
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G.  Figures and Tables 

 

 

 

 

 

 
 

Figure 2.1.  Plot displaying KMF results for all sets, represented as points, of KMF parameters 

(ΔKMD, RT, and NOS) tested. Data were collected at a resolution of 17,500. KMF parameters 

for the points highlighted are as follows: 0.4285, 84 (ΔKMD of 0.01, RT of 0.8 min, and NOS 

of 2); 0.8953, 86 (ΔKMD of 0.033, RT of 0.8 min, and NOS of 2); 1.988, 90 (ΔKMD of 0.1, 

RT of 2.0 min, and NOS of 2).  
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Figure 2.2.  (a) ΔKMD versus the number of PEG 400 features filtered (circle) and (b) plasma 

features filtered (triangle). (c) ΔKMD versus the ratio of PEG 400 to plasma features filtered. 

NOS is indicated by color. RT was constant at 0.8 min. (d) RT versus the number of PEG 400 

features filtered (circle) and (e) plasma features filtered (triangle). (f) RT versus the ratio of 

PEG 400 to plasma features filtered. NOS is indicated by color. ΔKMD was constant at 0.01. 

Data plotted were acquired at a resolution of 17,500.  
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Figure 2.3.  (a) Kendrick mass plot (original MS1 features, black, and filtered MS1 features, 

red) of PEG 400. (b) MS1 feature plot of PEG 400, original MS1 features (black), and MS1 

features filtered (red). (c) MS1 feature spectrum for PEG 400 prior to KMF. (d) MS1 feature 

spectrum of retained features (not filtered) and (e) MS1 feature spectrum of MS1 features 

removed via KMF. (f) Kendrick mass plot (original MS1 features, black, and filtered MS1 

features, red) of plasma. (g) MS1 feature plot of plasma original MS1 features (black) and MS1 

features filtered (red). (h) Illustrative plasma MS1 feature spectrum prior to KMF; (i) plasma 

MS1 feature spectrum of MS1 features retained; and (j) MS1 feature spectrum of MS1 features 

removed via KMF. KMF parameters: ΔKMD = 0.01, RT = 0.8 min, and NOS = 2. PEG was 

filtered using the ethylene oxide unit repeat (m/z 44.0262). Data shown were acquired at a 

resolution of 17,500.  
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Figure 2.4.  (a) Kendrick mass plot (original MS1 features, black, and filtered MS1 features, 

red) of plasma spiked with swab extract filtering. (b) MS1 feature plot of plasma spiked with 

swab extract, original MS1 features (black) and MS1 features filtered (red). (c) Plasma spiked 

with swab extract prior to KMF, (d) MS1 feature spectrum of features retained, and (e) MS1 

features removed via KMF. KMF parameters: ΔKMD = 0.01, RT = 0.8 min, and NOS = 2. PEG 

was filtered using the ethylene oxide unit repeat (m/z 44.0262). Data shown were acquired at a 

resolution of 17,500.  
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Figure 2.5.  (a) PCA score plot of original data obtained from the skin swab samples, hands 

(green), face (red), and axilla (blue), of organ transplant recipients, 15 subjects. (b) PCA score 

plot of KMF data obtained from the skin swab samples, hands (green), face (red), and axilla 

(blue), of organ transplant recipients, 15 subjects. KMF was performed for PPG. KMF 

parameters: ΔKMD = 0.01,RT = 0.8 min, and NOS = 2.  
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Figure 2.6.  (a) Kendrick mass plot (original MS1 features, black, and filtered MS1 features, 

red) of skin swab samples of organ transplant recipients for PPG (original feature, black, and 

filtered features, red). (b) MS1 feature plot, original MS1 features (black) and MS1 features 

filtered (red). (c) Illustrative MS1 feature spectrum of an axilla sample from subject BF1637, 

right axillary, believed to contain PPG due to deodorant use. (d) MS1 feature spectrum of 

features retained after KMF and (e) MS1 feature spectrum of MS1 features removed via the 

KMF. KMF parameters: ΔKMD = 0.01, RT = 0.8 min, and NOS = 2. PPG was filtered using the 

propylene oxide unit repeat (m/z 58.0419).  
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Figure 2.7.  Compositional analysis. The MS1 features which meet KMF criteria associated 

with the composition, (red) containment, (green) and source (blue) categories are plotted. 
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Figure 2.S1.  (a) Putative polymer units filtered with KMD and RT window highlighting 

masses of possibly multiple units eluting in a small RT window.  
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Figure 2.S2.  (a) Putative Mass defect plot of PEG 400 data and (b) Kendrick mass plot of PEG 

400 data. Data collected at 17,500 resolution.  
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Figure 2.S3.  Plot displaying KMF results for all sets, represented as points, of KMF parameters 

(ΔKMD, RT, and NOS) tested colored by (a) ΔKMD, (b) RT, and (c) NOS. Data were collected 

at a resolution of 17,500.  
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Figure 2.S4.  (a) Kendrick mass plot (original MS1 features, black, and filtered MS1 features, 

red) of PEG 400. (b) MS1 feature plot of PEG 400, original MS1 features (black) and MS1 

features filtered (red). (c) MS1 feature spectrum for PEG 400 prior to KMF. (d) MS1 feature 

spectrum of retained features (not filtered), and (e) MS1 feature spectrum of MS1 features 

removed via KMF. (f) Kendrick mass plot (original MS1 features, black, and filtered MS1 

features, red) of plasma. (g) MS1 feature plot of plasma original MS1 features (black) and MS1 

features filtered (red). (h) Illustrative plasma MS1 feature spectrum prior to KMF; (i) plasma 

MS1 feature spectrum of MS1 features retained; and (j) MS1 feature spectrum of MS1 features 

removed via KMF. KMF parameters: KMD = 0.01, RT = 0.8 min, and NOS = 2. Data plotted 

were acquired at a resolution of 70,000.  
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Figure 2.S5.  (a) Average MS1 spectrum (0.44 - 3.31 min) of a PEG 400 standard. (b) Total 

Ion Chromatogram of a PEG 400 standard. Illustrative MS2 spectrum of PEG oligomers (c) m/z 

388.25 and (d) m/z 432.24.  

 

 

 

 



 

 

40 

 

 

 

 

 

 
 

Figure 2.S6.  (a) Average MS1 spectrum (2.44 - 3.19 min) of plasma spiked with swab extract. 

(b) Total Ion Chromatogram of plasma spiked with swab extract. MS2 spectrum of PEG 

oligomers (c) m/z 388.25 and (d) m/z 432.24.  
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Figure 2.S7.  PCA score and loading plots of original data obtained from the skin swab samples 

of organ transplant recipients, 15 subjects (axillary, black; face, green; and hands, red.  
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Figure 2.S8.  (a) Average MS1 spectrum (6.0 - 10.0 min) of the right axillary sample of subject 

BF1637. (b) Total Ion Chromatogram of the right axillary sample of subject BF1637. Note, 

dotted lines indicate times at which column eluent was split to waste. (c) Illustrative ion in MS1 

spectrum of a singly-charged PPG oligomer and (d) the complementary MS2 spectrum obtained 

from m/z 1083.7740. (e) A zoomed in region of the average MS1 spectrum in which a number 

of doubly-charged PPG oligomers are observed. (f) The MS2 spectrum of m/z 698.4881 is 

displayed.  
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Figure 2.S9.  PCA score and loading plots obtained from the skin swab samples of organ 

transplant recipients, 15 subjects (axillary, blue; face, green; and hands, red). KMF was 

performed for PPG. KMF parameters: KMD = 0.01, RT = 0.8 min, and NOS = 2.  
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Table 2.S1.  PCA variances by principal component for original skin metabolomics data 
 

Principal Component Variance (%) Cumulative Variance (%) 

1 8.576668 8.576668 

2 4.766919 13.343587 

3 4.035778 17.379366 

4 3.656365 21.035731 

5 3.088650 24.124381 
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Table 2.S2.  PCA variances by principal component for KMF skin metabolomics data  

 

Principal Component Variance (%) Cumulative Variance (%) 

1 5.026975 5.026975 

2 3.812778 8.839753 

3 3.772599 12.612352 

4 3.170089 15.782441 

5 3.071120 18.853560 
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A.  Abstract 

1.  Rationale 

 A major hurdle in identifying chemicals in mass spectrometry experiments is the 

availability of MS/MS reference spectra in public databases. Currently, scientists purchase 

databases or use public databases such as Global Natural Product Social Molecular Networking 

(GNPS). The MSMS-Chooser workflow empowers the creation of MS/MS reference spectra 

directly in the GNPS infrastructure. 

 

2.  Methods 

 The MSMS-Chooser Sample Template was used to programmatically generate the 

MSMS-Chooser Submission File and Sequence Table for data acquisition. Standards from the 

Mass Spectrometry Metabolite Library (MSMLS) suspended in a methanol-water (1:1) solution 

were analyzed. Flow injection on a LC-MS/MS system was used to generate negative and 

positive mode data using data-dependent acquisition. The MS/MS spectra and Submission File 

were uploaded to MSMS-Chooser workflow in GNPS for automatic selection of MS/MS 

spectra. 

 

3.  Results 

 Data acquisition and processing required ~2 hours and ~2 min respectively per 96-

well plate using MSMS-Chooser. Analysis of the MSMLS, over 600 small molecules, using 

MSMS-Chooser added 889 spectra (including multiple adducts) to the public library in GNPS. 
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Manual validation of one plate indicated accurate selection of MS/MS scans (99.2%). The 

MSMS-Chooser output includes a table formatted for inclusion in the GNPS library as well as 

the ability to directly launch searches via MASST.  

 

4.  Conclusions 

 MSMS-Chooser enables rapid data acquisition, data analysis (selection of MS/MS 

spectra), and a formatted table for inspection and upload to GNPS. Open file-format data 

(.mzML or .mzXML) from most mass spectrometry platforms containing MS/MS can be 

processed using MSMS-Chooser. MSMS-Chooser democratizes the creation of MS/MS 

reference spectra in GNPS which will improve annotation and strengthen the tools which use 

the annotation information. 

 

B.  Introduction 

 Identifying the chemicals detected in untargeted metabolomics experiments is 

challenging. Mass spectrometry (MS) is one method by which untargeted metabolomics can be 

performed. MS detects the mass of ions, i.e. mass-to-charge (m/z), as well as their abundance. 

Tandem MS (aka MS/MS), provides information about the molecular structure of chemicals. 

MS/MS, specifically product ion scans, contain interpretable patterns of product ions from 

which structural information is derived. Manual interpretation of MS/MS spectra is 

impracticable given the large amount of data generated in untargeted metabolomics 

experiments. 
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One solution to the identification challenge is to match MS/MS spectra with that of 

MS/MS reference spectra to provide an annotation. MS/MS matches to reference library spectra 

are considered level 2 or level 3 annotations based on the Metabolomics Standards Initiative 

(MSI) (1). Reference libraries are time-consuming and costly to generate. Laboratories develop 

in-house databases, but their use to the broader community is often difficult due to differences 

in file formats, metadata, etc.  Curatr, a web-based application for library generation, is one 

solution that improves upon the manual interpretation of data by providing a graphical user 

interface (2). The Global Natural Products Social Molecular Networking (GNPS) platform (3) 

offers a community-built MS/MS reference library which is part of the suite of libraries 

available for use, e.g. MassBank (Japan, European Union, and North America) (4,5), ReSpect 

(6), MIADB, CASMI (7), PNNL lipids (8), Sirenas/Gates, and EMBL MCF (2). While the 

option to contribute MS/MS spectra to the GNPS spectral library has existed since its inception, 

it remains a time-consuming process to select reference MS/MS and provide the required 

information for association with the entry (e.g. InChI, SMILES, CAS number, adduct, charge, 

and instrument). 

To address the limitations in building public MS/MS spectral libraries, we have created 

a workflow incorporated within GNPS (dubbed MSMS-Chooser). MSMS-Chooser enables 

users to quickly generate MS/MS reference spectra (specifically product ion spectra) from 

chemical standards using flow injection.  Guidelines for sample preparation and MSMS-

Chooser use (data formatting, the MSMS-Chooser submission file, etc) is detailed in online 

documentation. To illustrate the utility of MSMS-Chooser, we generated and made public 889 
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MS/MS spectra from chemical standards in the Sigma-Aldrich Mass Spectrometry Metabolite 

Library (MSMLS) kit quickly, accurately, and with minimal manual data processing. 

 

C.  Materials and Methods 

1.  Chemical Standards 

Chemical standards were purchased from Sigma-Aldrich (SKU: MSMLS-1EA) to test 

the MSMS-Chooser workflow (Figure 3.1a). The Mass Spectrometry Metabolite Library 

(MSMLS) kit contained over 600 unique small molecules in 96-well plates (5 µg per well). The 

library contained standards from the following classes: carboxylic acids, amino acids, biogenic 

amines, polyamines, nucleotides, coenzymes, vitamins, monosaccharides, disaccharides, fatty 

acids, lipids, steroids, and hormones. A spreadsheet with information such as compound name, 

molecular formula, and InChI (used to represent the chemical structure) was included with the 

reference library and used to complete the manually entry of the MSMS-Chooser Sample 

Template. 

 

2.  MSMS-Chooser Sample Template 

The MSMS-Chooser Google Sheet can be accessed via a hyperlink on the online 

documentation page (https://ccms-ucsd.github.io/GNPSDocumentation/msmschooser/). Users 

are required to make a copy of the MSMS-Chooser Google Sheet for each 96-well plate within 

Google Sheets. The MSMS-Chooser Google Sheet (Figure 3.1a) has multiple tabs, including 

README, Sample Template, Submission File, and Sequence Table. The MSMS-Chooser 
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Sample Template tab was manually filled using the information provided with the chemical 

standards that were purchased. The information input in the MSMS-Chooser Sample Template 

tab is used to automatically fill the remaining tabs which are used in the MSMS-Chooser 

workflow. 

 

3.  Sample Preparation and Data Acquisition 

 Chemical standards were resuspended to a final concentration of 1 µM using a 

resuspension solvent of methanol-water (1:1) and transferred to a new 96-well plate (Figure 

3.1a). An ultra-high performance liquid chromatography (UHPLC) system (Vanquish, Thermo) 

coupled to an orbitrap mass spectrometer (QExactive, Thermo) was used (Figure 3.1b). A 

sequence table (“QE_Sequence_Generator” tab) compatible with the Vanquish-QExactive 

system used was programmatically generated from the MSMS-Chooser Sample Template. The 

data acquisition time was set to 0.3 min for each injection. Separate positive and negative 

ionization mode methods were used (i.e. one injection in positive mode and one injection in 

negative mode); the major differences in the methods are the ionization source parameters. 5 

µL was injected from each well into a flow of solvent. The flow rate was set to 0.500 mL min-

1 with equal parts 0.1% formic acid in water and 0.1% formic acid in methanol. More detailed 

information on the instrument method can be found in the MSMS-Chooser documentation 

(https://ccms-ucsd.github.io/GNPSDocumentation/msmschooser/) and the QExactive tune files 

and instrument methods for positive and negative mode can be found on MassIVE via the 

following accession number: MSV000084286 
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4.  Data Processing and Upload 

Data collected in Thermo’s proprietary MS file format (.raw) were converted to the 

open-source format (.mzXML) using the ProteoWizard tool MSConvert (9). All MS files (.raw 

and .mzXML files) and the MSMS-Chooser Submission File (downloaded as a .tsv from 

Google Sheets) were uploaded to MassIVE. To aid in dataset organization and utility it is 

recommended that all MSMS-Chooser datasets uploaded to MassIVE be prepended with the 

following text, “GNPS - MSMS-Chooser -”, and made publicly available. Data generated for 

this study can be accessed via the following MassIVE accession numbers: MSV000084286, 

MSV000084072, MSV000084494, MSV000084492, MSV000084493, MSV000084479, 

MSV000084495, MSV000084496. Classyfire was used to generate chemical class information 

for the chemical standards within dataset GNPS – MSMS-Chooser- GNPS00001 by querying 

the SMILES (10). 

 

5.  MSMS-Chooser  

The MSMS-Chooser (v1.0) workflow, Figure 3.1c, is accessed on GNPS via the 

following link:  

https://gnps.ucsd.edu/ProteoSAFe/index.jsp?params=%7B%22workflow%22:%22MSMS-

CHOOSER%22%7D (a free GNPS account is required).  The source code is available at 

https://github.com/CCMS-UCSD/GNPS_Workflows. The .mzXML/.mzML files (positive and 

negative mode) and the MSMS-Chooser Submission file were selected for each plate and 

processed using the MSMS-Chooser workflow (detailed instructions are available in the 

documentation https://ccms-ucsd.github.io/GNPSDocumentation/msmschooser/#msms-
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chooser-v10). The MSMS-Chooser workflow uses the information in the MSMS-Chooser 

Submission file to calculate the monoisotopic mass [M] and subsequently calculate the 

monoisotopic m/z of adducts using the SMILES or InChi. The current set of designated adducts 

considered are [M+H]+, [2M+H]+, [M+Na]+, [2M+Na]+, [M-H2O+H]+, [M-2(H2O)+H]+, and 

[M-3(H2O)+H]+,  [M-H]-, [2M-H]-, [2M-2H+Na]-. MSMS-Chooser searches for the calculated 

m/z of all possible adducts within a 10 ppm mass error tolerance and outputs the associated 

MS/MS scan (if detected). The results of MSMS-Chooser include the filename, chemical (i.e. 

compound_name), molecular mass, scan number (i.e. extract scan), SMILES, adduct, charge, 

ionization mode (i.e. ion mode), and exact mass. An illustrative example of the MSMS-Chooser 

GNPS result page is available via the following link 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8454490b1ecc49ab85e1cece2f2f944c. The 

resulting output table (i.e. “Output batch table”) of MSMS-Chooser was checked manually for 

quality via visual inspection by selecting the “view spectrum” button, Figure 3.1d. Poor quality 

or incorrect spectra were deleted (row-wise) from the results table upon download. Note, the 

quality rating of the spectra in GNPS is based on the sample source which is input by the user 

in the MSMS-Chooser Template. In this instance, a gold rating (“1”) was used as the data were 

obtained from chemical standards. The MSMS-Chooser output (“batch table”) was processed 

using an in-house workflow that uploads the spectra to the GNPS MS/MS spectral library. Users 

of MSMS-Chooser will not have access to the in-house workflow for security reasons. Users 

are instructed to email their MSMS-Chooser result files to a dedicated team of administrators. 

Detailed instructions can be found in the MSMS-Chooser documentation (https://ccms-

ucsd.github.io/GNPSDocumentation/msmschooser/). The resulting list of chemicals added 
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from this example dataset (GNPS – MSMS-Chooser- GNPS00001) is tabulated in Table 3.S1 

and the library can be accessed on GNPS via the following link: 

https://gnps.ucsd.edu/ProteoSAFe/gnpslibrary.jsp?library=GNPS-MSMLS. 

 

D.  Results and Discussion 

Positive and negative mode MS/MS spectra were collected using two separate injections 

into a flow of solvent. The method was 0.3 min in length, providing enough time for the 

chemical standard to be detected and the system purged of any remaining material, as depicted 

in the chromatograms of two illustrative chemicals in positive and negative mode (Figure 3.2a 

and Figure 3.2d, respectively). The flow injection method was used for higher-throughput data 

acquisition (~2 hours for a 96-well plate), opposed to chromatographic separation. 

The data obtained were processed using the MSMS-Chooser workflow in GNPS (~2 

minutes per 96-well plate) to identify MS/MS spectra associated with different adducts of the 

chemical standards within a mass error of 10 ppm. Multiple adducts were detected for some of 

the chemical standards which are formed during the electrospray ionization process under the 

experimental conditions (e.g. salinity, pH, and concentration). For example, the analysis of 

dethiobiotin in the positive ionization mode resulted in the detection of the protonated 

([M+H]+), sodiated ([M+Na]+), and singly dehydrated species ([M-H2O+H]+), Figure 3.2b, and 

their corresponding MS/MS spectra selected by MSMS-Chooser (Figure 3.2c). Similarly, N-

acetylleucine was detected as a deprotonated ([M-H]-) ion and as a [2M-2H+Na]- ion in the 

negative ionization mode (Figure 3.2d), and MSMS-Chooser selected the corresponding 

MS/MS spectra (Figure 3.2f). Additional examples of spectra are displayed in Figure 3.S2. All 
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spectra resulting from the analysis of standards in the MSMLS are available on GNPS 

(https://gnps.ucsd.edu/ProteoSAFe/gnpslibrary.jsp?library=GNPS-MSMLS). 

We evaluated the performance of MSMS-Chooser on its ability to correctly select 

MS/MS spectra in a subset of the MSMLS (GNPS – MSMS-Chooser- GNPS00001, randomly 

selected). GNPS00001 contained 87 chemical standards of which only 63 were detected in our 

experiment. Multiple hours of manual data analysis found 73 MS/MS scans in positive mode 

and 53 MS/MS scans in negative mode (Table 3.1) corresponding to the 63 chemicals detected. 

MSMS-Chooser was able to correctly identify a total of 70 MS/MS scans in positive mode and 

50 MS/MS scans in negative mode in minutes without user input. MSMS-Chooser correctly 

selected 99.2% of the MS/MS spectra, excluding five MS/MS spectra from this calculation as 

they exceeded the 10 ppm mass error tolerance. The adducts detected from this illustrative set 

of chemical standards (i.e. GNPS00001) were tabulated and plotted in Figure 3.3a. The 

predominant adducts in positive mode were [M+H]+ and [M+Na]+; and [M-H]- in negative 

mode. The high levels of sodiated adducts observed, Figure 3.3B, is likely related to the number 

of sugars (i.e. Organooxygen compounds) included in the test dataset. 

The MSMS-Chooser output provides users the ability to query their MS/MS spectra 

against all publicly available tandem MS datasets in GNPS via the MASST tool. The MASST 

results indicated the datasets in which the query spectra had been previously detected. Figure 

3.S1 depicts the MASST result of biotin, one of the chemical standards run in the MSMS-

Chooser proof of concept dataset (GNPS00001). Biotin was shown to be found in 16 GNPS 

datasets, comprised of microbial, humans, and food sample types. The illustrative MASST job 
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can be accessed using the following link: 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=39cd886540c147e9a8a618b275e5f541. 

  

E.  Conclusions 

MSMS-Chooser is a web-based data processing platform and instrument protocols for 

the rapid and systematic generation of MS/MS reference spectra. The aim of this workflow is 

high-throughput analysis with minimal user input, rather than a comprehensive coverage of all 

chemicals and all possible adducts. In our proof-of-concept results, chemicals from the MSMLS 

were analyzed resulting in 889 new MS/MS reference library spectra in GNPS. MS data was 

collected in approximately two hours per 96-well plate and processed using MSMS-Chooser in 

approximately two minutes per plate. The completion of the MSMS-Chooser Sample Template 

is the only manual step in the data processing, not including review of the MSMS-Chooser 

results. MSMS-Chooser was 99.2% accurate in selecting MS/MS spectra compared to manual 

evaluation (inspection of results is recommended). The highly automated selection of MSMS-

Chooser, even with manual inspection, may erroneously introduce poor quality or incorrectly 

identified spectra (true for manually curated data as well). However, GNPS provides users with 

the ability to modify the information included with all reference spectra to address this 

inevitability. 

One strength of the workflow is the consideration of multiple adducts without user input. 

Chemical have the varying ionization efficiency and preferentially form different adducts (e.g. 

protonation or sodiation). MSMS-Chooser assists in building MS/MS spectral libraries by 

considering multiple adducts that may be encountered using different electrospray ionization 
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conditions. We demonstrate results that compounds of particular chemical classes are observed 

to preferably form adducts, such as sugars (i.e. Organooxygen compounds) forming sodiated 

adducts in the positive ionization mode. 

We have provided the method files used to generate data on our Vanquish-QExactive 

LC-MS platform as a matter of transparency as well as a reference for others to generate flow 

injection methods using their own MS instrumentation. In principal, MS/MS data generated 

using any MS instrumentation via direct injection, flow injection, or chromatographic elution 

are all compatible with the MSMS-Chooser workflow. Caution should be used when using this 

approach with anything but flow injection as it was not its original intent. Further, MS/MS data 

which results from any method of ion activation (collision-induced dissociation, higher-energy 

collision-induced dissociation, surface-induced dissociation, electron capture dissociation, 

electron transfer dissociation, infrared multiphoton dissociation, ultraviolet photodissociation, 

etc) is accepted in the GNPS spectral library. Currently, MSMS-Chooser does not capture 

collision energy but it is possible to do so; however, such information is not currently utilized 

in GNPS and therefore has limited utility. We strongly believe the variability in MS/MS spectra 

is best captured via the contribution of spectra of the same chemical collected on multiple 

instruments and multiple conditions. Contribution of all MS/MS spectra is highly encouraged.  

MSMS-Chooser will aid the community of scientists who use GNPS (or the associated 

GNPS knowledge base) by increasing the number of MS/MS reference spectra in the public 

domain, thereby improving annotation rates in untargeted metabolomics experiments. Any 

additional MS/MS spectra uploaded to the GNPS MS/MS spectral library will be included in 

the periodic living data analysis in GNPS. Data submitters will be emailed when new chemical 
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annotations are found in their MassIVE deposited data. We have integrated MASST in the 

results of MSMS-Chooser allowing users to query the GNPS knowledgebase and determine 

where a particular MS/MS spectrum has been previously observed, illustrated by our search of 

the MS/MS spectrum obtained from biotin (11). Further, additional MS/MS library spectra will 

extend the depth of annotation in ReDU (12), a recently developed web-enabled tool to reuse 

public MS/MS data. Lastly, the providence of the original data and MSMS-Chooser Sample 

Template is retained in MassIVE and available for re-analysis in a systematic and automated 

fashion. 
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G.  Figures and Tables 

  

 

 

 

 

 

Figure 3.1.  Overview of the MSMS-Chooser workflow and protocol. 

 

 

 

 

 



 

62 

 

 

 

 

 

 

 

 

Figure 3.2.  (a) Illustrative base peak chromatogram, (b) average MS spectrum, and (c) 

MS/MS spectra selected by MSMS -Chooser for dethiobiotin in the positive ionization 

mode. Peaks in the MS are colored corresponding to their MS/MS spectra. (d) Illustrative 

base peak chromatogram, (e) average MS spectrum, and (f) MS/MS spectra selected by 

MSMS-Chooser for N-acetylleucine in the negative ionization mode. Peaks in the MS are 

colored corresponding to their MS/MS spectra.  
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Figure 3.3.  Adducts versus the number of MS/MS spectra selected by MSMS-Chooser in 

the proof-of-concept set of chemical standards, (a) colored by ionization mode and (b) 

colored by chemical classification, class level, obtained via Classyfire.  
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Figure 3.S1.  Overview of launching a MASST search from the MSMS-Chooser workflow 

results page. (a) MSMS-Chooser results page, (1) click on the “View Output Batch Table”. 

(b) View output batch page, (2) clicking on the “MASST Spectrum” button will launch a 

MASST search (e.g. biotin). (c) MASST search results page 

(https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=39cd886540c147e9a8a618b275e5f541)

, (3) click on the “Dataset Matches”. (d) Datasets in which biotin (an example) was detected 

using MASST, (4) the title and dataset accession link can be used to further investigate the 

data.  
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Table 3.1.  Tabulated results comparing MSMS-Chooser and manual inspection of data 

included in MSV000084286.  

Ionization 

Mode 

Number of 

MS/MS spectra, 

Manual 

Inspection 

Number of 

MS/MS spectra, 

MS-MS 

Choosera 

MS-MS 

Chooser 

Accuracy (%) 

MS-MS 

Chooser 

Accuracy (%)b 

Positive 73 70 95.9 98.6 

Negative 53 50 94.3 100 

Total 126 120 95.2 99.2 

a MSMS-Chooser correctly identified 70 MS/MS spectra and incorrectly identified one 

MS/MS spectra in positive mode upon manual inspection which as removed for subsequent 

calculations.  
b Manual inspection found 2 positive mode and 3 negative mode spectra that were not chosen 

by MSMS-Chooser. These spectra were excluded in the accuracy calculation as their mass 

error was greater than the 10 ppm mass error limit (an adjustable parameter) used in MSMS-

Chooser.  
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Table 3.S1.  Chemicals analyzed and the resulting number of MS/MS spectra added via 

the MSMS-Chooser workflow. See attached spreadsheet 
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A.  Abstract 

 Recent interest in the role of microbiota in health and disease has implicated gut 

microbiota dysbiosis in psychiatric disorders including major depressive disorder. Several 

antidepressant drugs that belong to the class of Selective Serotonin Reuptake Inhibitors have 

been found to display antimicrobial activities. In fact, one of the first antidepressants discovered 

serendipitously in the 1950s, the monoamine-oxidase inhibitor Iproniazid, was a drug used for 

the treatment of tuberculosis. In the current study we chronically treated DBA/2J mice for two 

weeks with Paroxetine, a Selective Serotonin Reuptake Inhibitor, and collected fecal pellets as 

a proxy for the gut microbiota from the animals after 7 and 14 days. Behavioral testing with the 

forced swim test revealed significant differences between Paroxetine and vehicle treated mice. 

Untargeted mass spectrometry and 16S rRNA profiling of fecal pellet extracts showed several 

primary and secondary bile acid level, and alpha diversity differences between Paroxetine and 

vehicle treated mice. In addition to their lipid absorbing activities bile acids have important 

signaling activities and have been associated with gastrointestinal diseases and colorectal 

cancer. Antidepressant drugs like Paroxetine should therefore be used with caution to prevent 

undesirable side effects. 

 

B.  Introduction 

 Selective Serotonin Reuptake Inhibitors (SSRIs) are commonly used drugs for the 

treatment of depression, post-traumatic stress disorder, generalized anxiety disorder (GAD) and 

other psychiatric disorders. However, a favorable patient response to SSRIs is not guaranteed 

and currently there are no biomarkers that can predict a positive treatment response; thereby 
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preventing its strategic utilization to treat psychiatric disorders (1). Furthermore, SSRI 

treatment can have side effects such as diarrhea, headaches, insomnia, nausea, and weight gain, 

preventing it from being routinely used (2). A more thorough investigation into the mechanistic 

behavior of SSRI drugs is critical for optimizing drug efficacy to improve patient outcomes and 

minimize side effects. 

 The gut-brain-axis (GBA) is a bidirectional mode of communication between the 

central nervous system (CNS) and the enteric nervous system (ENS) which uses the vagus nerve 

to coordinate the nervous system, the endocrine system, and the immune system. Recent studies 

have shown that the GBA is mediated by the production of microbially secreted molecular 

constituents that impact central nervous system function and behavior relevant to psychiatric 

disorders (3-9). Because SSRI drugs are administered orally, it is reasonable to assume that they 

can alter the gut microbiota and their functions, thereby impacting other body organs including 

the brain (10). In this regard it has been shown that medications can affect gut physiology by 

altering the intestinal microbiota which can result in unfavorable side effects that include 

constipation and tissue toxicity (11). 

 Previous studies have shown that Paroxetine (PARO)-treated DBA/2J mice show less 

floating in the forced swim test (FST) and increased time spent in the lit compartment of the 

dark light box, both indicating lower depression-like behavior (12-16). In order to assess the 

chronic effects of SSRI treatment, we examined fecal pellets from DBA/2J mice that were 

treated for two weeks with PARO. Each fecal pellet was then subjected to 16S rRNA 

sequencing and liquid chromatography tandem mass spectrometry analysis (LC-MS/MS) to 

identify bacterial taxa and metabolite profiles, respectively that differ between PARO- and 
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vehicle (VEH)-treated mice. Our results suggest that no significant alterations of the fecal taxa 

occur in response to PARO treatment. However, we observed several fecal bile acid level 

differences between PARO- and VEH-treated mice. 

 In mice, bile acids are synthesized from cholesterol and after conjugation to taurine 

are secreted into the bile and then to the small intestine. In the intestine bile acids are 

deconjugated by microbes (17) and further modified by different reactions (17) resulting in a 

variety of different secondary bile acids, whose numbers are still growing. Most of the bile 

acids are reabsorbed in the ileum and recycled with only a small amount (~2%) found in the 

colon and feces (17). 

 Bile acids are critical for lipid digestion and absorption and drug absorption, impacting 

drug pharmacokinetics (18). In addition, bile acids represent signaling molecules for several 

nuclear receptors with functions in lipid and glucose metabolism gene expression (19). 

Secondary bile acids such as deoxycholic acid and lithocholic acid produced by the gut 

microbiota have functions in host metabolic processes, drug metabolism, and immune response 

(20-22). Depending on the drug dose and length of treatment this could be responsible for some 

of the observed side effects associated with SSRI treatment. In the present study we have found 

that PARO treatment affects bile acid levels in mice including two recently identified novel 

secondary bile acids. This suggests that microbiota functions are altered by the drug. 

 

C.  Materials and Methods 

1.  Animal Housing and Husbandry  
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 The experiments were carried out with male DBA/2J mice (Charles River Laboratories, 

Chatillon-sur-Chalaronne, France) with ages ranging between 8-10 weeks old. Prior to the 

beginning of the experiments, all animals were single-housed for at least one week. The mice 

were held under normal light and temperature conditions (12 h light: 12 h dark light cycle, lights 

on at 7 pm, temperature at 22 ± 2 °C, and humidity at 55 ± 5%) with standard bedding and 

nesting material, in polycarbonate cages (21 x 15 x 14 cm). Water and standard housing food 

pellets (ssniff-Spezialdiäten GmbH, Soest, Germany) were provided ad libitum. All procedures 

were carried out in accordance with the European Communities Council Directive 2010/63/EU 

and approved by the local animal welfare authority (G 15-1-041, Landesuntersuchungsamt 

Rheinland-Pfalz, Koblenz, Germany). 

 

2.  Drug Administration 

To mimic clinical conditions as close as possible, animals received customized palatable 

pills (23), with a concentration of 5 mg/kg body weight paroxetine hydrochloride (Sigma 

Aldrich, Germany) or vehicle. We randomized the mice to treatment or control groups. Three 

days before the start of treatment, all mice were habituated to voluntary intake of vehicle pills 

given twice daily. Subsequently, mice received PARO or vehicle pills twice daily. Compliance 

was monitored twice daily by screening the cages for remnants of pills. Mice that did not eat 

two or more pills over the 14 days treatment schedule were excluded from analyses.     

 

3.  Behavioral Analyses 
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   Forced Swim Test (FST). We introduced the mice into a 2-L glass beaker (diameter 

13cm, height 24cm) filled with tap water (21±1 °C) to a height of 15cm. We videotaped the 

mice for 5 min and floating and active coping behavior was scored by an experienced, 

treatment-blinded observer. 

 

4.  Stool collection and DNA and metabolite extraction 

Fecal pellets were collected from the same mice following 7 and 14 days (prior to 

behavioral analysis) of PARO- or VEH-treatment, snap-frozen on dry ice and stored at -80 °C 

prior to 16S and metabolomics extraction. Fecal samples were dried via a centrifugal low-

pressure SpeedVac Plus system (Savant, Hyannis, MA) and their dry weights in 

microcentrifuge tubes recorded. 150 µL of sterile DEPC water and a chemically cleaned 

stainless-steel bead were added aseptically to each sample and followed by tissue 

homogenization using a TissueLyzer II (Qiagen, Hilden, Germany) for 5 min at 25 Hz. Samples 

were centrifuged at 14,000 RPM for 10 min and the resulting supernatant aspirated into a 

DNA/RNA free tube and stored at −80 °C for 16S sequence analysis. One ml 50% methanol 

was added to the remaining fecal homogenate and sonicated again for 5 min at 25 Hz. Following 

centrifugation at 14,000 RPM for 10 min, the supernatant was aspirated into a clean 

microcentrifuge tube, dried in a SpeedVac and stored at -80 °C until mass spectrometry 

analysis. Samples were resuspended with 150 µL 50:50 MeOH:H2O spiked with 2 µM 

sulfadimethoxine and 2 µM sulfamethazineprior for mass spectrometry analysis.  

 

5.  16S rRNA and bioinformatic analyses 
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Samples were processed following the Earth Microbiome Project 16S protocol (PMID: 

27822518). In short, DNA from samples was extracted via the MoBio PowerSoil kit, then 

extracts were amplified using PCR (515F/806R primers: 5’-GTGCCAGCMGCCGCGGTAA-

3’ and 5’- GGACTACHVGGGTWTCTAAT -3’, respectively), which targets the V4 region of 

the 16S ribosomal subunit. Amplicons were sequenced using the Illumina MiSeq platform at 

the Institute for Genomic Medicine of the University of California, San Diego. Metadata and 

microbiome data was uploaded and processed using Qiita (24). Raw sequences were 

demultiplexed and quality controlled as defined in the default processing within Qiita and the 

resulting sequences were collapsed into Amplicon Sequence Variants (ASV) using Deblur 1.1.0 

(PMID: 28289731). Further down analysis where performed using QIIME2 [PMID: 31341288] 

as implemented in Qiita. The ASV table was rarefied at 5,000 sequences per sample for further 

down analysis. Alpha and beta-diversity was compared between treatment and control groups 

using Faith’s Phylogenetic Diversity (PMID: 19455206), and the weighted and unweighted 

UniFrac distances (25). Principal co-ordinate analysis plots were used to visualize the beta-

diversity among the samples and PERMANOVA testing was used to identify statistically 

different clusters.  

 

6.  Metabolomics analysis 

 Mouse fecal pellet extracts were analyzed using an ultra-high pressure liquid 

chromatography system (Vanquish, Thermo Scientific, Waltham, MA) coupled to an Orbitrap 

mass spectrometer (Q Exactive, Thermo Scientific) fitted with a heated electrospray ionization 

(HESI-II, Thermo Scientific) probe. Chromatographic separation was accomplished using a 
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Kinetex C18 1.7 µm, 100 Å, 2.1 mm x 50 mm column fitted with a C18 guard cartridge 

(Phenomenex, Torrance, CA) with a flow rate of 0.5 mL/min. Five µL of extract was injected 

per sample/QC. The column compartment and autosampler were held at 40 °C and 4 °C, 

respectively throughout all runs. Mobile phase composition was: A, LC-MS grade water with 

0.1 % formic acid (v/v) and B, LC-MS grade acetonitrile with 0.1 % formic acid (v/v). The 

chromatographic elution gradient was: 0.0 - 1.0 min, 5% B; 1.0 - 9.0 min, 100% B; 9.0 - 11.0 

min, 100% B; 11.0 - 11.5 min, 5% B; and 11.5 - 12.5 min, 5% B. Heated electrospray ionization 

parameters were: spray voltage, 3.5 kV; capillary temperature, 380.0 °C; sheath gas flow rate, 

60.0 (arb. units); auxiliary gas flow rate, 20.0 (arb. units); auxiliary gas heater temperature, 

300.0 °C; and S-lens RF, 60 (arb. units). Mass spectrometry data was acquired in positive mode 

using a data dependent method with a resolution of 35,000 in MS1 and a resolution of 17,000 

in MS2. An MS1 scan from 100-1500 m/z was followed by an MS2 scan, using collision 

induced dissociation, of the five most abundant ions from the prior MS1 scan. 

 

7.  Metabolomics data pre-processing and statistical analysis 

 The acquired mass spectrometry data was converted to the open mzXML-format using 

MSconvert from ProteoWizard (26). Files were then further processed with the implemented 

ADAP-modules (27) in MZmine II (v. 2.35) (28) to generate MS1 features with associated peak 

area and MS2 scans (parameters are listed in Table 4.S1). The “export to GNPS” module on 

MZmine II was used to generate MS1 (quant.csv) and MS2 (.mgf) files for use in the feature 

based molecular networking workflow (https://ccms-ucsd.github.io/GNPSDocumentation/ 

featurebasedmolecularnetworking/) on the GNPS website (http://gnps.ucsd.edu). The data was 
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filtered by removing all MS/MS fragment ions within +/- 17 Da of the precursor m/z. MS/MS 

spectra were window filtered by choosing only the top 6 fragment ions in the +/- 50 Da window 

throughout the spectrum. The precursor ion mass tolerance was set to 0.02 Da and MS/MS 

fragment ion tolerance of 0.02 Da. A network was then created where edges were filtered to 

have a cosine score above 0.7 and more than 6 matched peaks. Edges between two nodes were 

kept in the network only if each of the nodes appeared in each other's respective top 10 most 

similar nodes. Finally, the maximum size of a molecular family was set to 100, and the lowest 

scoring edges were removed from molecular families until the molecular family size was below 

this threshold. The spectra in the network were then searched against GNPS spectral libraries. 

The library spectra were filtered in the same manner as the input data. All matches kept between 

network spectra and library spectra were required to have a score above 0.7 and at least 6 

matched peaks.  

Metabolic features were annotated by searching the GNPS (https://gnps.ucsd.edu) 

network and matching MS2 spectra. After GNPS networking we searched specifically for MS2 

spectra that matched to bile acids. In order to remove redundancy and increase specificity we 

manually extracted single peaks of individual bile acid compounds and adducts of molecular 

ions when possible.  

For statistical analysis the Perseus software (v1.5.5.3) (29) was used. Raw peak 

intensities of metabolic features were log2-transformed, missing values were estimated by 

replacing from normal distribution (width = 0.3, downshift = 1.8). Two sided T-test was 

performed. For correlation analysis of raw peak intensities and experimental meta data 

(“correlogram”) the corrplot package (v0.84) (https://cran.r-
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project.org/web/packages/corrplot/index.html) in R with RStudio (v1.1.456) 

(https://www.rstudio.com/) was used.  

If not stated otherwise, graphs and tests were performed in Microsoft Excel. 

 

D.  Results and Discussion 

Previous studies (23) have shown that DBA/2J mice respond to the SSRI PARO with 

behavioral alterations that reflect a reduced depression-like phenotype. In line with previous 

experiments, we fed mice with either VEH- or PARO-containing pills (2 x 5 mg/kg/day) for 14 

days. Compared to direct injection, this method of drug administration is less stressful for the 

animal and mitigates the effects of confounding behavioral assays used to assess depression-

like behavior. In addition, oral administration is the preferred method considering the aim of 

the study to analyze the effects of the drug on gut microbiota. PARO pill consumption was 

carefully monitored to ensure that every animal was subjected to the same amount of the drug. 

Confirming results from previous experiments (12-16), mice of the PARO-treated group 

showed significantly higher active coping time (p = 1.5E-7) in the FST compared to VEH-

treated animals indicating the antidepressant-like and anxiolytic effects of PARO in DBA/2J 

mice (Figure 4.1). 

In order to investigate the effects of PARO on the gut microbiota we used fecal pellets 

from drug- and VEH-treated animals as a proxy. Fecal pellets were collected from the same 

mice following one week and two weeks of daily treatments. Fecal pellet microbiota were 

collected for 16S bacterial rRNA sequence analysis and metabolites extracted and prepared for 

LC-MS/MS as outlined in Methods. 
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No differences were found for beta-diversity of the microbiome in the fecal pellets after 

7 and 14 days of PARO treatment (Figure 4.S1) with either the weighted or unweighted 

UniFrac distances. However, alpha diversity showed a reduced and significant (p < 0.04) Faith’s 

Phylogenetic diversity in the 14 days PARO treatment. Furthermore, untargeted mass 

spectrometry analyses showed increased levels for 13 (3 p < 0.05) and 11 (4 p < 0.05, 2 p < 

0.01) primary and secondary bile acids after one and two weeks of treatment, respectively 

(Figure 4.2a,b). Four sulfated bile acids with sum formulas C24H38O8S and C24H40O8S, each 

detected with different chromatographic retention times, showed higher levels in PARO-treated 

mice. 

 Correlation analysis (Figure 4.2c, and Figure 4.S2) revealed negative correlations 

between body weight gain (BWgain) and PARO and three bile acid levels (DCA, C24H40O5_1, 

C24H40O8S_2) following 2 weeks of treatment. FST active coping correlates negatively with 

PARO metabolites after 1 week and 2 weeks, with several bile acid levels (C24H38O5_1, 

C24H40O5_3, C24H38O8S_2) after 1 week. In addition, a strong correlation of FST active coping 

was found with GDCA after 2 weeks. Interestingly, the four sulfated bile acids negatively 

correlated with FST behavior and PARO metabolite III levels (p < 0.1) (Figure 4.2c). Bile acid 

sulfation is a known mechanism for elimination and detoxification (30,31) by increasing their 

solubility and decreasing intestinal absorption which results in higher fecal content. Greater 

sulfated bile acid production may thus be caused by PARO reflecting a mechanism to dispose 

of high drug levels from the organism. 

Of particular interest are the correlations we found with behavioral measures of the 

recently characterized secondary bile acids phenylalanocholic acid and 
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phenylalanodeoxycholic acid (32) implicating that microbiota are affected in PARO-treated 

mice (Figure 4.2a,b and Figure 4.S3). Strong positive correlations were found for PARO and 

for several bile acids after one week. After two weeks phenylalanocholic acid showed a weak 

negative correlation with sulfated bile acids (Figure 4.2c).  

Although we were unable to detect any alterations in taxa it is conceivable that gut 

microbiota can still have an impact on bile acid levels in response to PARO treatment. This is 

supported by previous studies where antibiotic treatment results in primary and secondary bile 

acid changes (33). In this regard several studies have shown that antidepressant drugs including 

Sertraline, Fluoxetine and PARO have antimicrobial activities that impact Gram positive 

bacteria (34). Of particular significance are recent findings that implicate bile acids in several 

gastrointestinal disorders (35-38) and intestinal tumorigenesis through their interaction with the 

nuclear farnesoid X receptor (FXR) (39,40). 

Bile acids are generated in the liver from cholesterol by a multi-step mechanism 

involving 17 enzymes. Subsequently, they are metabolized in the intestine by the gut microbiota 

(41). Subsequent deconjugation takes place in gut residing bacteria with the help of bile salt 

hydrolase activity. Following deconjugation a small fraction of primary bile acids that do not 

undergo resorption enter the colon, where they are processed into secondary bile acids by 

Clostridium and Eubacterium (42-45). They can be either absorbed by passive processes or 

excreted in the feces. Secondary bile acids synthesized by the microbiota only make up a very 

small fraction of the total bile acid pool. Which steps of primary and secondary bile acid 

synthesis are affected by PARO treatment is unknown and awaits further studies on the 

mechanism of action of the drug in bacteria. A change in bile acid composition and levels have 



 

81 

 

been associated with several diseases including intestinal dysmotility, inflammatory bowel 

disease phenotypes, nonalcoholic fatty liver disease, and progression of colon cancer (46,47). 

Microbiota that impact secondary bile acids are an additional factor that when altered can 

contribute to health and disease by affecting body weight, lipid metabolism, intestinal mucosal 

function and cardiovascular function (47-49). 

Our results suggest that antidepressant drugs like PARO should be used with caution to 

prevent undesirable side effects. Whether bile acid levels can serve as biomarkers for 

monitoring the SSRI treatment response remains to be tested with a greater number of animals 

that allow stratification in drug responders and non-responders.  
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F.  Figures and Tables 

 

 

 

 

 

 
 

Figure 4.1.  Paroxetine treatment revealed antidepressant-like and anxiolytic effects in DBA/2J 

mice. Chronic paroxetine (PARO) treatment for 14 days increased time of active coping (p =1.5 

E-7) in the Forced Swim Test (FST) (n =10). Bars represent mean ± SD.  
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Figure 4.2.  (a) Fecal pellet bile acid level ratios following 1 week (1w) and (b) two weeks of 

paroxetine (PARO) treatment. Bars represent mean log2 fold changes PARO *Vehicle-1. 

Significance was tested using Student’s T-test; significance is indicated (p < 0.05 = *; p < 0.01= 

**). Several fecal pellet bile acid levels are increased following PARO treatment. (c) Several 

fecal bile acid levels correlate significantly with behavior, body weight gain, PARO 

metabolites, and other bile acid levels (indicated with white asterisk, p < 0.1). Correlogram 

displays the Pearson correlation coefficient values (n = 10) of treatment with PARO. Lower left 

represents the correlations after one week (1w) of treatment und upper right the correlations 

after two weeks (2w) of treatment. Size and color intensity reflect the absolute value as 

indicated by the color bar. Abbreviations in order of appearance: body weight gain (BWgain), 

forced swim test (FST), PARO (Paroxetine), PARO M I (Paroxetine metabolite I/II), PARO M 

III (Paroxetine metabolite III), phenylalanodeoxycholic acid (F-DCA), phenylalanocholic acid 

(F-CA), glycolithocholic acid (GLCA), glycodeoxycholic acid (GDCA), deoxycholic acid 

(DCA).  
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Figure 4.S1.  (a) Unweighted UniFrac microbiome distances projected using principle 

coordinate analysis for analysis of beta-diversity of the microbiome data in this study. Blue 

spheres are fecal samples from vehicle-treated mice, red spheres are samples from paroxetine-

treated mice. (b) Boxplots of unweighted UniFrac distances of samples in PCoA plot above 

used to calculate PERMANOVA testing. p-value from the PERMANOVA test is 0.982.  
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Figure 4.S2.  Fecal pellet bile acid levels can be associated with body weight gain, behavior, 

and other bile acid levels. Correlation matrix is based on a Spearman correlation. Significance 

is indicated by white asterisk (p < 0.1). (a) One-week treatment and (b) Two-week treatment. 

Correlations are based on the PARO-treated mouse group (n = 10).  
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Figure 4.S3.  (a) MS2 spectrum of the newly found Phe-Cholic acid molecule in the sample 

mirrored against the Phe-Cholic acid molecule found in our GNPS database.  (b) MS2 spectrum 

of the newly found Phe-Deoxycholic acid molecule in the sample mirrored against the Phe-

Deoxycholic acid molecule found in our GNPS database. Second best hit was to Phe-

Chenodeoxycholic acid spectrum.  
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Table 4.S1.  Tabulated Parameters used for MZmine feature detection 
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A.  Abstract 

 Dietary prebiotics produce favorable changes in the commensal gut microbiome and 

reduce host vulnerability to stress induced disruptions in complex behaviors such as sleep. The 

mechanisms for how prebiotics modulate stress physiology remain unclear; however, emerging 

evidence suggests that gut microbes and their metabolites may play a role. This study tested if 

stress and/or dietary prebiotics (Test diet) alter the fecal metabolome; and explored if these 

changes were related to sleep and/or gut microbial alpha diversity. Male F344 rats on either 

Test or Control diet were instrumented for electroencephalography biotelemetry measures of 

sleep/wake. After 5 weeks on diet, rats were either stressed or remained in their home cages. 

Based on untargeted liquid chromatography coupled to mass spectrometry and 16S rRNA gene 

sequencing, both stress and Test diet altered the fecal metabolome/microbiome. In addition, 

Test diet prevented the stress-induced reduction in microbial alpha diversity based on 

PD_Whole_Tree. Network propagation analysis revealed that stress increased members of a 

neuroactive steroidal molecular family; and that Test diet reduced this effect. We also 

discovered links between sleep, alpha diversity, and pyrimidine, secondary bile acid, and 

neuroactive glucocorticoid/pregnanolone-type steroidal metabolites. These results reveal novel 

microbial-dependent metabolites that may modulate stress physiology and sleep. 

 

B.  Introduction 

 Evidence in both the human and animal literatures suggest that stressor exposure can 

negatively impact sleep (1-4) and the gut microbiota (5-7). We have previously reported, for 
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example, that male rats exposed to an acute stressor (90 min, intermittent tail shocks) experience 

disruptions in sleep architecture, have flattened diurnal rhythmicity of core body temperature, 

learning deficits, express depressive-like behaviors, and altered gut microbial alpha diversity 

(4,8-10). Ad libitum consumption of prebiotic diets, compared to nutrient/calorically matched 

control diets, prior to stressor exposure attenuates many of these effects (7,11). In addition, 

ingestion of prebiotic diet also improves non-rapid eye movement (NREM) sleep, promotes 

increases in rapid eye movement (REM) sleep after stressor exposure (REM rebound), and 

prevents stress-induced reductions in gut microbial alpha diversity (7).  

 The mechanisms for how prebiotic diet-induced changes in the gut microbiota impact 

stress physiology remain unclear; however, there is emerging evidence that gut microbial 

metabolites likely play a role (12,13). Bacterial dependent metabolites, such as short chain fatty 

acids and secondary bile acids, can signal the brain through the blood and/or vagal afferents 

(14-16). It is feasible, therefore, that gut microbial modulatory diets produce changes in the gut 

metabolome that signal the brain and impact complex brain functions. Fecal samples were 

collected both before and after stressor exposure and impacts on overall gut metabolomic 

structure were determined using untargeted mass spectrometry chromatography coupled to a 

hybrid quadrupole-Orbitrap mass spectrometer fitted with a HESI probe (LC-MS/MS). Those 

features driving the changes in metabolomic structure produced by diet and/or stress were then 

targeted for additional metabolomics standards initiative (MSI) identification and state-of-the-

art network propagation analyses. Additional analyses explored if any of the identified gut 

metabolite changes were related to our previously reported effects on sleep and alpha diversity 

measured in fecal samples in the same rats (7). Discovering and identifying gut metabolites that 
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are modulated by diet and/or stress and relate to sleep and microbial alpha diversity adds to our 

understanding of microbiota-gut-brain signaling and could hasten the development of health 

promoting microbiome therapeutics. 

 

C.  Materials and Methods 

1.  Animals  

 Adult male F344 rats (n = 52, Harlan Laboratories) were housed with controlled 

temperature and humidity and all procedures were approved by the University of Colorado 

Animal Care and Use as previously described in detail (7). Briefly, animals weighed 40 - 50 g 

upon arrival at post-natal day (PND) 24 and were maintained on a 12:12 h light/dark cycle. All 

rats were housed in Nalgene Plexiglas cages and were placed on control or Test diet (ad libitum) 

upon arrival at PND 24. Rats were allowed to acclimate to housing conditions for 1 week prior 

to study initiation. No differences in body weight for food consumption were found and there 

were 14 - 15 animals per group (diet) at PND day 70 data and 7 - 8 animals per group (diet x 

stress) for the PND 91 data (Figure 5.1a). 

 

2.  Experimental design 

 The experimental design is depicted in Figure 5.1 and adapted from Thompson et al., 

2017. Fecal samples used for gut metabolomics analysis were collected at the same time points 

as those used for gut microbiome analyses previously reported (7). Animals consumed diet for 

7 weeks prior to the first fecal sample collection at PND 70 and then for 11 weeks. Animals 
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were then exposed to inescapable tail shock stress or not, and four days following inescapable 

tail shock stress another fecal sample was taken at PND 91 (Figure 5.1a).    

 

3.  Control and Test diet Availability 

 Test diet contained the following gut microbial modulatory nutrients, which are absent 

from control diet: galactooligosaccharides (GOS 7.00 g (active)/Kg ; FrieslandCampina, 

Zwolle, Netherlands), polydextrose (PDX, 6.58 g (active)/Kg; Danisco, Terre Haute, IN, USA), 

lactoferrin (LAC, 1.86 g/Kg; Tatua Cooperative Dairy Company, Morrinsville, New Zealand), 

and whey protein concentrate milk fat globular membrane protein-10 (MFGM, 15.9 g/Kg; Arla 

Food Ingredients, Aarhus, Denmark). GOS is a non-absorbable complex carbohydrate derived 

from the enzymatic breakdown of lactose; and PDX is a processed polymer derived from 

glucose and classified as a soluble fiber by the US Food and Drug Administration. Both GOS 

and PDX are classified as prebiotic substrates because they are (1) not hydrolyzed or absorbed 

in the stomach or small intestine; (2) selective substrates for beneficial commensal bacteria in 

the colon, such as Lactobacillus spp.; and (3) induce beneficial luminal/systemic effects within 

the host (42-46). LAC impacts the gut microbiota through microbiostatic and antimicrobial 

activity (47,48), and MFGM alters antimicrobial activity (49) as well as the microbiota (50,51). 

Animals were fed either control or Test diet and experimenters were blind to diet type. The 

diets were formulated by Mead Johnson Nutrition (MJN, Evansville IN, USA) based on AIN-

93G specifications and were isocaloric with similar carbohydrate, protein, fat, vitamin, and 

mineral levels. 
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4.  Fecal and sample collection 

Stool samples were collected as previously described (7). Briefly, rats were placed 

into a sterile cage until defecation (< 10 min) where samples were collected and rats were 

immediately returned to the home cage. Samples were then transferred and stored in a -80 °C 

freezer for untargeted metabolomics analysis. 

 

5.  Stress protocol 

Inescapable stress is a well-characterized laboratory stressor that produces 

depression/anxiety-like behavior, increases corticosterone, and disrupts diurnal physiology, 

sleep and the microbiome (3,4,7,852,53). In brief, rats were placed in Plexiglas restraining tubes 

(23.4 cm long and 7.0 cm in diameter) and exposed to 100, 5 sec, 1.5 mA inescapable tail shocks 

(Stress). Shocks were delivered at random with an average interval of 60 sec between shocks 

and occurred during the inactive (light) cycle between ~0800 and 1100 h. After exposure to 

inescapable tail shock rats were immediately returned to their home cages. Animals that were 

not exposed to the stressor (No Stress), remained undisturbed in their home cages. 

 

6.  Sleep measures 

Sleep was measured using in vivo biotelemetry, as previously described (4,8,54). The 

complete sleep results from these rats have been previously reported in (7). In brief, the F40-

EET biotelemetry transmitters (Data Sciences International, St. Paul Minnesota) were 

implanted into animals and the electroencephalographic (EEG) insulated leads were passed 

subcutaneously to the base of the skull, where they were attached to stainless steel screws 
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(Plastics One Inc.) and served as EEG recording electrodes. Biotelemetry recordings of EEG 

were acquired using Dataquest ART 4.3 Gold Acquisition/Analysis Software (Data Sciences 

International, St. Paul, MN) and sleep/wake cycles were scored using the automated Neuroscore 

2.1.0 software (Data Sciences International, St. Paul, MN). After sleep recordings were 

autoscored, they were corrected for accuracy by an observer blind to the experimental treatment 

of each animal. 

The current study used two measures of sleep, NREM bout duration and % REM. 

NREM and REM measures were derived from the trace EEG signal after fast Fourier 

Transformation (FFT), yielding spectra between 0.5 and 30 Hz in 0.5 Hz frequency bins. NREM 

sleep was identified by increased absolute EEG amplitude with integrated values for the delta 

frequency band (0.5 - 4.5 Hz) being greater than those for the theta frequency band (6.0 - 9.0 

Hz). REM sleep was characterized by low amplitude EEG with integrated values for the delta 

frequency band less than those for the theta frequency band. Time spent in REM was calculated 

as a percentage (%) of time spent in a specific behavioral state per hour. Average bout durations 

per hour of NREM were also calculated. Bout durations were defined by any change in 

sleep/wake state for 10 seconds (i.e., an NREM bout was defined based on the appearance of 

10 sec epoch or longer of NREM and the end of that epoch was defined as the appearance of 

any 10 sec epoch of either REM or WAKE).  

 

7.  16S rRNA Gene sequencing and microbial alpha diversity analyses 

Fecal samples were previously collected at PND 70 and PND 91 and sequenced as 

described (7). These same fecal samples were used for metabolomics analysis. In brief, after 
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purification and precipitation to remove polymerase chain reaction (PCR) artifacts, samples 

were exposed to multiple sequencing on an Illumina Genome Analyzer IIx. Operational 

taxonomic units (OTUs) were picked using a ‘closed reference’ approach (55). GreenGenes 

May 2013 version was the reference database used (56), and all sequence processing was done 

with QIIME v 1.8.0 (57) using the UCLUST algorithm (58). Taxonomy and phylogeny were 

taken from the GreenGenes reference collection. The current experiment generated 14,207,155 

sequences, where 11,016,354 were discarded because of uncorrectable barcode errors, of which 

6,481 were too short to read (based on default parameters set in QIIME script 

‘split_libraries_fastq.py’) and the remaining 3,190,801 sequences were used. The resulting 

OTU table was rarefied at 7400 sequences/sample to correct for uneven sequencing depth due 

to amplification differences between samples. Alpha diversity for this manuscript was 

measured using species richness (PD_Whole_Tree). This measure captures phylogenetic 

diversity for a given sample (59). 

 

8.  Metabolomics 

Sample information – LC-MS/MS 

A subset of frozen fecal samples was transferred via dry ice to the University of 

California, San Diego for metabolomic analysis. Fecal samples were stored in 1.5 mL centrifuge 

tubes at -80 °C prior to extractions. Sample ID’s were manually uploaded into an electronic 

spreadsheet and subsequently used to assign filenames during LC-MS/MS data acquisition. All 

solvents used for the metabolomic analysis were of LC-MS grade. 
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Fecal pellet extraction – LC – MS/MS 

This method was adapted from a previously published protocol (60). Fecal pellets were 

weighed to 50.0 +/- 2 mg wet weight and transferred to 2.0 mL round bottom microcentrifuge 

tubes (Qiagen Catalog# 990381) for metabolite extractions. A clean stainless-steel bead 

(Qiagen Catalog# 69989) and 1.5 mL chilled extraction solvent (50% MeOH) was added to 

each sample. The samples were then homogenized for 5 min at 25 Hz using a TissueLyser II 

system (Qiagen Catalog# 85300) and allowed to incubate for 20 min at -20 °C. The fecal 

homogenates were then centrifuged at 14000 rpm for 15 min at 4 °C. 1.2 mL aliquots were then 

transferred into Nunc 2.0 mL DeepWell plate (Thermo Catalog# 278743) and frozen at -80 °C 

prior to lyophilization using a FreeZone 4.5 L Benchtop Freeze Dryer with Centrivap 

Concentrator (Labconco). Wells were resuspended with 200 µL of resuspension solvent (50% 

MeOH spiked with 2.0 µM sulfadimethoxine), vortexed for 30 secs, and centrifuged at 2000 

rpm for 15 min at 4 °C. 150 µL of the supernatant was transferred into a 96-well plate and 

maintained at 4 °C prior to LC-MS analysis. A resuspension solvent QC and a six standard mix 

QC (50% MeOH spiked with 1.0 µM Sulfamethazine, 1.0 µM Sulfamethizole, 1.0 µM 

Sulfachloropyridazine, 1.0 µM Amitrypline, and 1.0 µM Coumarin 314) was run every 12th 

sample to asses sample background, carry over, chromatography behavior, peak picking and 

plate effects.  

 

LC-MS/MS parameters 

Fecal extracts were analyzed using an ultra-high performance liquid chromatography 

system (Vanquish, Thermo) coupled to a hybrid quadrupole-Orbitrap mass spectrometer (Q-
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Exactive, Thermo) fitted with a HESI probe. Reverse phase chromatographic separation was 

achieved using a Kinetex C18 1.7 µm, 100 Å, 50 x 2.1 mm column (Phenomenex) held at 40 

°C with a flow rate of 0.5 mL/min. 5.0 µL aliquots were injected per sample/QC. The mobile 

phase was (A) 0.1% formic acid in water and (B) 0.1% formic acid in acetonitrile. The elution 

gradient was: 5% B for 1 min, increased to 100% B in the next 8 min, held at 100% B for two 

min, returned to 5.0% B in 0.5 min, equilibrated at 5.0% B for 2 min. Positive electrospray 

ionization parameters were: sheath gas flow rate of 52 (arb. units), aux gas flow rate of 14 (arb. 

units), sweep gas flow rate of 3 (arb. units), spray voltage of 3.5 kV, capillary temperature of 

270 °C, S-Lens RF level of 50 (arb. units), and aux gas heater temperature of 435 °C. Negative 

electrospray ionization parameters were: sheath gas flow rate of 52 (arb. units), aux gas flow 

rate of 14 (arb. units), sweep gas flow rate of 3 (arb. units), spray voltage of 2.5 kV, capillary 

temperature of 270 °C, S-Lens RF level of 50 (arb. units), and aux gas heater temperature of 

435 °C. MS data was acquired using a data dependent acquisition method with a resolution of 

35,000 in MS1 and 17,000 in MS2. An MS1 scan from 100-1500 m/z was followed by an MS2 

scan, produced by collision induced disassociation, of the five most abundant ions from the 

prior MS1 scan. 

 

Standards run for Bile Acids 

Primary, secondary, conjugated and unconjugated bile acids were purchased and used 

for level 1 identification of some of our unknown molecules. Standards were solubilized to a 

final concentration of 10 µM in 50% MeOH prior to LC-MS/MS injection.  
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9.  Data Processing and Availability 

LC-MS/MS parameters 

  All mass spectrometry data (.raw, .mzXML, and mgf files), mzMine, and Sirius files 

can be found in the online mass spectrometry repository Massive (http://massive.ucsd.edu) 

using the following accession numbers: MSV000079329 and MSV000079339.  

 

Data Processing and Analysis 

  The orbitrap files (.raw) were exported to mzXML files using MSConvert (61). Feature 

detection of the MS1 data was performed using MZmine2 (62), parameters can be found in 

Table 5.S1, which generated a data matrix of MS1 features (m/z and retention time) and peak 

area. Each feature in a given sample was normalized against the spiked internal standard, to 

remove any spray variation across runs, followed by normalization of each sample by the row 

sum of its features. The twice-normalized data matrix was used for all subsequent statistical 

analysis.  The SIRIUS export module found within MZmine was used to create .mgf files for 

molecular formula annotation and molecular structure prediction in the SIRIUS desktop 

software.  

 

Global Natural Products Social Molecular Networking (GNPS) job parameters 

Molecular networking was ran using networking parameters that yielded a false-

discovery rate (FDR) of annotation, using Passatuto, for spectral matches against reference 

libraries of 1% (Figure 5.S5).  A molecular network was created using the online workflow at 

GNPS (63). The data was then clustered with MS-Cluster with a parent mass tolerance of 0.05 
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Da and a MS2 fragment ion tolerance of 0.05 Da to create consensus spectra. Further, consensus 

spectra that contained less than 2 spectra were discarded. A network was then created where 

edges were filtered to have a cosine score above 0.6 and more than 6 matched peaks. Further 

edges between two nodes were kept in the network if and only if each of the nodes appeared in 

each other's respective top 10 most similar nodes. The spectra in the network were then searched 

against GNPS' spectral libraries. All matches kept between network spectra and library spectra 

were required to have a score above 0.52 and at least 6 matched peaks (64). The molecular 

networking job can be accessed using the following GNPS positive mode link: 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=92166ef840924b078fed960323cbd558. 

 

Metabolite annotation 

Metabolites were annotated following the guidelines established by the 2007 

metabolomics Standards initiative (MSI). Accurate mass with retention time alignment and 

MS2 fragmentation pattern between a metabolite of interest and a chemical reference standard 

was used for all MSI level 1 annotations. Accurate mass and MS2 fragmentation spectral 

alignment between a metabolite of interest and a reference library, via GNPS, was used for all 

MSI level 2 annotations. SIRIUS 4.0.1 was used for molecular formula annotation (MSI level 

4) and CSI:FingerID, via SIRIUS 4.0.1, was used for molecular structure predication (MSI level 

3) (65,66).  

 

Statistical Analysis 
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Metabolomics data were visualized and analyzed using metaboanalyst open source 

www.metaboanalyst.ca built on R statistical software (67-71) and all other analyses were 

performed in SPSS version 25. All features were log transformed prior to further analysis. 

Principal components analysis was used to reduce the high dimensionality of the untargeted 

fecal metabolomics dataset. Unsupervised heat maps were generated using the Euclidean 

distance matrix with Ward clustering algorithm. For clarity and ease of interpretation only the 

top 50 unidentified features are displayed on the heat maps. For PND 70, a volcano plot (two 

group data) was used to identify significant differences between control and Test diet groups (p 

< 0.05; FDR p < 0.01). For PND 91, one-way ANOVA (four group data) was used (p < 0.05; 

FDR p < 0.01). In a final step, we examined potential relationships between host physiology, 

the gut microbiome (phylum level), and the identified gut metabolites using stepwise multiple 

regression analyses. These analyses were run on the normalized microbiome/metabolomics data 

and examined relationships between sleep (NREM and REM) and alpha diversity data that have 

been previously published (7). Differences were considered significant when p < 0.05, unless 

otherwise noted. 

 

D.  Results and Discussion 

1.  Test diet alters the fecal gut metabolome 

At PND 70, the principal component (PC) plot demonstrates separation due to diet on 

the scores plot along component 1 and component 2 (Figure 5.1a,b). The top 50 unidentified 

features and targeted metabolites on the heat map show clustering by diet (Figure 5.2). Four 

days after stressor exposure at PND 91, diet impacted the fecal metabolome displayed on the 
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PC plot mostly along component 1 (Figure 5.1a,c). The top 50 unidentified features and 

targeted metabolites on the heat map (Figure 5.3) show main clustering by diet and some 

clustering by stress within the control diet group.  

 

2.  Test diet and stress significantly alter specific ions and metabolites 

Volcano plot analysis (Figure 5.S1) of the fecal metabolome on PND 70 revealed that 

21 features were significantly impacted by diet. All features, except one, were significantly 

higher in the Test diet when compared to the control diet. We identified 10 of these significant 

metabolites using CSIfinger ID achieving metabolomics standards initiative (MSI) level 3 

annotation (Figure 5.4a-j; Table 5.1).  

Analyses of the fecal metabolome on PND 91 revealed 36 unidentified features as 

significantly different between groups (one-way ANOVA p < 0.05, FDR p < 0.01; Figure 5.2). 

There were 28 of 36 features that were higher in the Test diet when compared to control diet, 

with no effect of stress. The remaining 8 of 36 features were altered by both diet and/or stress. 

We identified 14 of these features using CSIfinger ID achieving metabolomics standards 

initiative (MSI) level 3 annotation (Figure 5.5a-n; Table 5.1). See Figure 5.5 for specific 

effects and post hoc analyses on individual metabolites. 

 

3.  Network analysis of neuroactive steroids 

Based on the GNPS database, the stress-responsive allopregnanolone precursor in 

Figure 5.5j is a spectral match to the neuroactive steroid 5.alpha.-Pregnane-3.alpha.,21-diol-

11,20-dione. The calculated mass is within 5 ppm and the MS/MS spectrum is a nearly identical 
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match (Figure 5.S3). Many sterols give rise to the same parent matches and similar MS2 

spectra. The spectral match to 5.alpha.-Pregnane-3.alpha.,21-diol-11,20-dione was at level 3, 

according to MSI (17) . A spectral match at MSI Level 3 confirms that the feature matches a 

neuroactive steroidal molecular family. In order to further elucidate this metabolite class in our 

fecal samples, we ran state-of-the-art network propagation analysis (18) in order to classify the 

allopregnanolone precursor (5.alpha.-Pregnane-3.alpha.,21-diol-11,20-dione) with familial 

molecules of similar structure. 

The resulting network propagation analysis is depicted in Figure 5.6 (see also 

Supplementary Figure 5.4). Interestingly, 5.alpha.-Pregnane-3.alpha.,21-diol-11,20-dione 

(yellow in Figure 5.6) was related to several other molecules. Specifically, 3.beta.-

Allotetrahydrocortisol, 21-hydroxyallopregnanolone, 5.alpha.-Pregnane-3.alpha.,11.beta.,21-

triol-20-one, and 5.alpha.-Pregnane-3.alpha.,21-diol-20-one (blue in Figure 5.6). The 

metabolite 5.alpha.-Pregnane-3.alpha.,21-diol-11,20-dione (yellow in Figure 5.6) belongs to a 

neuroactive steroidal molecular family and molecular network for glucocorticoid and 

pregnanolone-type steroids (MSI Level 3 spectral match), adding confidence that the 

Allopregnanolone precursor depicted in Figure 5.5j is correctly annotated as 5.alpha.-

Pregnane-3.alpha.,21-diol-11,20-dione. 

 

4.  Relationships between identified metabolites, sleep architecture, and 

microbiome alpha diversity  

We previously reported that rats fed Test diet had an increase in NREM sleep bout 

durations, when compared to those fed control diet [Figure 5.4b,d from (7)]. Potential 
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relationships between the observed NREM sleep changes at PND 71, 72 from our previous 

findings and the identified fecal metabolome at PND 70 (Figure 5.4) were explored using 

stepwise multiple regression analysis. This analysis revealed a significant linear relationship 

between Pyrimidine Nucleotide (C16H25N2O14P) depicted in Figure 5.4i and NREM sleep (F(1, 

28) = 8.939; p = 0.006; adj. r2  = 0.249; y = 10.013x + 415.225; (Figure 5.7a)). 

We also previously published that rats eating Test diet had increased REM sleep 

rebound following acute stress exposure [Figure 5.5 from (7)]. It may be possible that a 

relationship exists between the increased REM sleep rebound after stress exposure and the gut 

metabolome. Indeed, stepwise multiple regression revealed that two identified features at PND 

91 were related to REM sleep after stress at PND 87 (F(2, 27) = 5.736; p = 0.009; adj. r2 = 0.260; 

y = 0.907x1 + 0.467x2 + 26.021; Figure 5.7b). The first feature x1 is the stress responsive 

Ketone Steroid (Figure 5.5k) and the second x2 is Ethanebis(thioate) Derivative (Figure 5.5b). 

Test diet attenuated the stress induced increase in alpha diversity of the gut microbiome 

[Figure 5.7C (PD_Whole_Tree) from (7)] and thus we examined potential relationships 

between the identified gut metabolites and alpha diversity. There was a significant relationship 

between two identified metabolites at PND 91 and alpha diversity (F(2, 27)  = 27.092; p < 0.001; 

adj. r2  = 0.659; y = 12.895x1 – 0.727x2 + 36.027; Figure 5.7c). The two metabolites are x1 = 

Hyodeoxycholic acid and x2 = Alloprenanolone Precursor (yellow in Figure 5.6; Figure 5.5j).  

 

E.  Conclusions 

Ingestion of a prebiotic diet (Test diet) improves undisturbed non-rapid eye movement (NREM) 

sleep, promotes REM sleep rebound after stress exposure, and prevents stress-induced 
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reductions in gut microbial alpha diversity (7). The results from the current report demonstrate 

that Test diet also modulates the fecal metabolome community, increases specific metabolites 

(fatty acids, sugars, steroids, nucleotides), and that prebiotic-induced sleep improvements are 

related to several gut metabolites. This report along with prior studies (7,9,11,19) suggests that 

gut metabolites are an important effector arm of the microbiota-gut-brain axis and adds to 

emerging evidence linking metabolomics and sleep physiology (20). 

Stressor exposure affected the gut metabolome differently in the control vs. the Test 

diet. Test diet attenuated the stress-induced increase in the Allopregnanolone Precursor, the 

Ketone Steroid, as well as two other unidentified metabolite features. These small gut 

metabolites belong to a family of endogenous metabolites of corticosterone/progesterone. 

Network propagation analysis (18) revealed several other potential metabolites in the family. 

One such metabolite is 5.alpha.-Pregnane-3.alpha.,11.beta.,21-triol-20-one, which has been 

reported to block voltage dependent calcium channels (21) and another is 5.alpha.-Pregnane-

3.alpha.,21-diol-20-one, better known as allotetrahydrodeoxycorticosterone, which is also a 

neuroactive steroid that potentiates GABAergic inhibition (22). This metabolite has also 

recently been linked with reduced sleep quality during pregnancy (23) and is involved in the 

acute stress response in rodents (24-26). These data suggest that stress may affect neuroactive 

steroid signaling in the gut, which is attenuated by a prebiotic diet. It could be that the negative 

consequences of stress exposure, in part, are mitigated through gut microbial modulatory 

substrates such as dietary prebiotics. This idea is congruent with a role for dysregulated 

neuroactive steroid signaling in stress-related psychiatric disorders (27). 
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We discovered several novel gut metabolites that were related to measures of sleep 

suggesting a potential link between the gut metabolome and sleep physiology. Specifically, 

improved NREM sleep was related to a Pyrimidine Nucleotide at PND 70. This relationship is 

consistent with prior literature examining a role for pyrimidine metabolism in sleep (28). 

CSIfinger ID gives the molecular formula for this Pyrimidine Nucleotide as C16H25N2O14P, 

however no known reference standard is yet available for this byproduct of pyrimidine 

metabolism, however based on the proposed molecular formula it may be involved in uracil 

metabolism, a metabolite known to increase NREM sleep (29,30). Similarly, the previously 

reported enhanced REM sleep rebound following stress (7) was significantly related to the 

stress-responsive Ketone Steroid (C21H32O2) + Ethanebis(thioate) Derivative (C10H16N2O4S2). 

Based on the molecular formula for the Ketone Steroid this molecule is a steroid derivative with 

a pregnane skeleton, however we verified using a standard that this molecule is not 

pregnenolone, per se, rather likely related to pregnenolone. Given that this class of molecules 

has been implicated in the regulation of sleep physiology (31); it is possible that the Ketone 

Steroid detected in this study is a novel sleep modulatory gut metabolite. The second factor in 

the relationship with REM sleep was an Ethanebis(thioate) Derivative. Based on the molecular 

formula this gut metabolite is still unannotated and represents a novel potential molecule 

potentially involved in sleep. These data, although clearly not conclusive, suggest for the first 

time a potential relationship between gut pyrimidine metabolism, stress responsive gut 

neuroactive steroids, and sleep physiology. Previous studies have linked both plasma/urine 

metabolites with sleep physiology (32-35), but to the best of our knowledge this is the first 
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study to relate changes in fecal gut metabolome produced after ingestion of gut microbial 

modulatory substrates with sleep physiology. 

The gut metabolome and gut microbiome are linked through gut microbial metabolism. 

Our findings help clarify this relationship, such that microbiome alpha diversity was related to 

a fecal hyodeoxycholic acid and the Allopregnanolone Precursor. Hyodeoxycholic acid is a 

secondary bile acid that is dependent on the gut microbiota and impacts health and disease (36-

38). It is possible, therefore, that some of the health benefits often associated with elevated gut 

microbial alpha diversity (7,39,40) are due to modulation of secondary bile acids. This idea is 

further supported by our data demonstrating that a Fatty Acid Derivative is modulated by both 

stress and Test diet. The second metabolite in the regression is the Allopregnanolone Precursor, 

which belongs to a molecular class of neuroactive steroids acting at GABA receptors (24). The 

relationship reported here between alpha diversity, secondary bile acids, and a neuroactive gut 

metabolite strengthens the idea that the gut metabolome is linked through gut microbial 

metabolism and taken together with other results suggests that these play a role in modulating 

stress and sleep physiology. This work represents an important step towards uncovering the 

potential mechanisms underlying health promoting gut microbial modulating substrates. There 

remain, however, many currently unidentifiable features that were modulated by prebiotic 

and/or stress. With continued improvements in available reference samples (41), future work 

will expand the identification of potential gut derived biomolecular pathways and could 

facilitate the discovery of additional novel molecules capable of impacting physiology and 

complex behavior. 
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G.  Figures and Tables 

 

 

 
 

Figure 5.1.  Adapted (a) timeline from Thompson et al. (2017), showing fecal samples were 

collected at PND 70 and at PND 91 for untargeted metabolomics analysis. (b) PC scores plot 

demonstrates separation by diet of the untargeted metabolome along component 1 and 2 at PND 

70. (c) PC scores plot demonstrates large separation by diet of the untargeted metabolome along 

component 1 and 2 at PND 91. Shaded areas represent 95% confidence intervals. 

Abbreviations: Data Sciences International (DSI); Liquid chromatography-mass spectrometry 

(LC-MS/MS); Post-natal day (PND), Principal components (PC).  
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Figure 5.2.  Heat map of the top 50 features that cluster (unsupervised) by control and Test diet 

measured in fecal samples collected on PND 70. Individual subjects are along the bottom, while 

features [mass/charge (m/z) retention times (min)] are listed to the right of the heat map. 

Approximately 12 features appear higher in the control compared to the Test diet while 38 

appear higher in the Test diet.  
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Figure 5.3.  Heat map of the top 50 features that cluster (unsupervised) by diet and stressor 

exposure measured in fecal samples collected on PND 91. The features within the control diet 

clustered mostly by whether they were exposed to stress or not, suggesting a potential effect of 

stress exposure (upper right half of heat map). This effect of clustering by stress was absent in 

the Test diet group (upper left half of heat map). Overall, the features mostly clustered by diet, 

rather than stress, which is consistent with the PC plot. Individual subjects are along the bottom 

and features [mass/charge (m/z) retention times (min)] are listed to the right of the heat map.  
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Figure 5.4.  (a,b, d-j) Nine of the 10 identified metabolites were significantly higher in the Test 

diet when compared to the control diet at PND 70. (c) Alternatively, the quinazolinone analog 

was higher in the control diet when compared to the Test diet. (* p < 0.05 vs. control/test diet). 
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Figure 5.5.  The metabolites in (a-i) were significantly higher in Test diet compared to control 

diet. The stress-induced increase in the (j) allopregnanolone precursor and (k) ketone steroid 

was attenuated by Test diet. (l) Quinazolinone analog, which was higher in the control diet, was 

decreased due to stress exposure. Both (m) the Fatty Acid Derivative and (n) the Ketone 

Abietic-type Acid were lower in the test diet, where stress decreased the Fatty Acid Derivative 

in the control diet group only. Finally, there was no significant effect of either diet or stress on 

(o) the secondary bile acid hyodeoxycholic acid. (* p < 0.05 vs. control diet; # p < 0.05 as 

compared to no stress; $ p < 0.05 control stress vs. Test stress). 
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Figure 5.6.  Molecular network analysis reveals several metabolites that are structurally related 

to the Allopregnanolone precursor (yellow node). Nodes are labeled according to their 

precursor mass or m/z (red nodes) or their GNPS spectral library match (blue nodes). Nodes are 

connected via edges where they are labeled based on the m/z difference between nodes. 
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Figure 5.7.  (a) Regression analysis demonstrating a significant, linear relationship between 

the Pyrimidine Nucleotide and NREM sleep bout duration at PND 70. (b) Regression 

demonstrating a significant relationship between the stress responsive Ketone Steroid + the 

Ethanebis(thioate) Derivative and REM sleep rebound after stress exposure. (c) Regression 

demonstrating a significant relationship between alpha diversity (PD_Whole_Tree) and 

Hyodeoxycholic acid + the Allopregnanolone Precursor. 
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Figure 5.S1.  Volcano plot demonstrating the features that are significantly different in control 

vs. Test diet groups measured in fecal samples collected on PND 70 (p < 0.05; FDR p < 0.01). 
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Figure 5.S2.  One-way ANOVA demonstrating that 36 features were significantly different 

(red vs. green) between groups at PND 91 (p < 0.05; FDR < 0.01). 
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Figure 5.S3.  Direct MS/MS comparison between the Allopregnanolone Precursor (m/z 

349.2371 rt 4.08) vs. the GNPS spectral library reference of 5.alpha.-Pregnane-3.alpha.,21-diol-

11,20-dione. The precursor ppm error between our feature and the reference standard was below 

2 ppm. The tandem MS2 spectra of our unidentified feature and reference library shows an 

overlap of 46 peaks. 

 

 

 

 

 



 

124 

 

 

 
Table 5.1.  Metabolites that were identified using SIRIUS and CSIfinger ID. See additional 

classification specifications for these features in Supplemental Table 1. 

 

 

 

 

 

 

 

CSIfinger ID predicted 

family 

Figur

e 

row 

ID 
row m/z 

retention 

time 

MF(SIRIUS

) 
Tree Score ISOTOPE 

Peak

s 

MS

I 

Fatty Acid Derivative 5m 69 
190.143672

5 

0.35473728

8 
C9H19NO3 

109.006142

8 

3.21503998

9 
35 3 

Glycerol Glucoside 

Derivative 
4a, 5a 110 

255.107752

6 

0.32919515

2 
C9H18O8 

176.272169

6 
5.50958751 46 3 

Ethanebis(thioate) 

Derivative 

4b, 

5b, 6c 
20 

293.062850

7 

0.25575181

8 

C10H16N2O4

S2 
151.43 0 34 3 

Quinazolinone Analog 4c, 5l 
167

8 

315.110935

7 

0.35401214

7 
C15H14N4O4 

149.874111

7 
0 44 3 

Ketone Abietic-type 

Acid 
5n 38 

315.194898

8 

5.96666355

9 
C20H26O3 

47.6353314

8 
0 25 3 

Ketone Steroid 5k, 6c 175 
317.246970

7 

5.06504971

8 
C21H32O2 

125.039524

3 

3.41085186

7 
51 3 

Disaccharide 4d, 5c 114 
327.128249

5 

0.33313863

6 
C12H22O10 

182.449977

3 

3.47639310

4 
54 3 

Pyrimidine Nucleotide  4e, 5d 58 339.060153 
0.28080932

2 

C10H15N2O9

P 

77.0057409

3 

2.78589245

1 
40 3 

Aminoglycoside Analog 4f, 5e 244 
342.139742

5 

0.30559080

5 
C12H23NO10 151.636548 0 55 3 

Allopregnanolone 

Precursor 
5j, 6d 379 

349.236987

5 

4.08501581

9 
C21H32O4 189.93 3.8 55 3 

Disaccharide Derivative 4g, 5f 160 
417.160214

9 

0.31999473

7 
C15H28O13 

191.299346

4 

3.62984658

6 
52 3 

Oligopeptide 5g 107 
434.188782

4 

0.39966723

2 
C16H27N5O9 

53.3357782

8 

3.45846445

7 
36 3 

Aminonucleoside 

Analog 

4h, 

5h 
222 

489.180959

7 

0.33469144

1 
C20H24N8O7 

171.594117

7 

2.03678053

6 
53 3 

Pyrimidine Nucleotide  
4i, 5i, 

6b 
128 

501.112574

4 
0.27855787 

C16H25N2O14

P 
74.72 0 48 3 

Phosphotyrosine Dipept

ide 
4j 328 

506.208768

2 

0.33261333

3 

C24H32N3O7

P 

151.263241

9 
0 51 3 
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Table 5.S1.  Details of LC-MS/MS parameters used for mzMine.  

 
Mzmine Parameters 

 

Mass Detection 

MS level: 1 

Noise level: 2E5 
 

Chromatogram builder 

Min time span (min): 0.05 

Min height: 6E5 

m/z tolerance: 0.0005 m/z or 10 ppm 
 

Chromatogram deconvolution 

Local min search 

Chromatogram threshold: 0.01% 

Search minimum in RT (min): 0.20 

Minimum relative height: 0.01% 

Minimum absolute height: 6E5 

Min ratio of peak top/edge: 3 

Peak duration range (min): 0.05-0.30 
 

Isotope peaks grouper 

m/z tolerance: 0.005 m/z or 10 ppm 

Retention time tolerance (min): 0.01 

Maximum charge: 4 
 

Join aligner 

m/z tolerance: 0.0005 m/z or 10 ppm 

Weight for m/z: 90 

Retention time tolerance (min): 0.3 

Weight for RT: 10 
 

Peak list row filter 

Minimum peaks in a row: 2 

Minimum peaks in isotope pattern: 2 

Reset the peak ID: on 
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Repeated sleep disruption in mice leads to 

persistent shifts in the fecal microbiome and 

metabolome 



 

135 

 

A.  Abstract 

 It has been established in recent years that the gut microbiota plays a role in health 

and disease, potentially via alterations in metabolites that influence host physiology. Although 

sleep disruption and gut dysbiosis have been associated with many of the same diseases, studies 

investigating the gut microbiome in the context of sleep disruption have yielded inconsistent 

results and have not assessed the fecal metabolome. We exposed mice to five days of sleep 

disruption followed by four days of ad libitum recovery sleep and assessed the fecal microbiome 

and fecal metabolome at multiple timepoints using 16S rRNA gene amplicons and untargeted 

LC-MS/MS mass spectrometry. We found global shifts in both the microbiome and 

metabolome in the sleep-disrupted group on the second day of recovery sleep, when most sleep 

parameters had recovered to baseline levels. We observed an increase in the 

Firmicutes:Bacteroidetes ratio, along with decreases in the genus Lactobacillus, phylum 

Actinobacteria, and genus Bifidobacterium in sleep-disrupted mice compared to control mice. 

The latter two taxa remained low at the fourth day post-sleep disruption. We also identified 

multiple classes of fecal metabolites that were differentially abundant in sleep-disrupted mice, 

some of which are physiologically relevant and commonly influenced by the microbiota. This 

included bile acids, and inference of microbial functional gene content suggested reduced levels 

of the microbial bile salt hydrolase gene in sleep-disrupted mice. Thus, repeated sleep 

disruption causes changes in key features of the fecal microbiome and metabolome, some of 

which last for days after recovery of objective sleep measures. 

 

1.  Significance Statement  
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Growing evidence suggests that the fecal metabolome acts as a functional readout of the 

gut microbiota, and the molecules produced or modified by the microbiota can influence host 

physiology. Repeated sleep disruption has been associated with a multitude of metabolic, 

psychiatric, and neurological pathologies. Here we report that five days of sleep disruption 

alters both the fecal microbiome and metabolome in mice. This included reductions in 

beneficial bacteria and in microbially modified metabolites like bile acids. Overall, this study 

adds to the evidence base linking disrupted sleep to the gut microbiota and expands it to the 

fecal metabolome, identifying sleep disruption-sensitive bacterial taxa and classes of 

metabolites that may serve as therapeutic targets to improve health after poor sleep.  

 

B.  Introduction 

 Inadequate sleep can lead to metabolic (1), immunologic (2,3), and cognitive deficits 

(4). Many of the pathological states that arise from sleep disruption also occur in conjunction 

with gut dysbiosis, defined as a disruption of the community structure of the gut microbiota. 

This includes metabolic disease (5-7) and cognitive impairment (8,9) as well as other 

proinflammatory and neuro-behavioral disorders such as multiple sclerosis (10), depression 

(11), anxiety (9,12), and posttraumatic stress disorder (13). This has led to the hypothesis that 

there is a relationship between inadequate sleep and the gut microbiota. Only a small number 

of studies have tested this hypothesis, using heterogeneous sleep disruption protocols (e.g., 

acute sleep restriction (14), chronic sleep fragmentation (15)), in humans (14,16), mice (15), 

and rats (16), and have yielded mixed results (16). More research is therefore required to explore 
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the relationship between sleep, the gut microbiota, and potential mediators of microbe-host 

interactions.  

 Despite the mounting evidence that supports an important role for the gut microbiota 

in normal physiology, the mechanisms by which commensal microorganisms influence the host 

are still unclear. Proposed mechanisms include direct interactions with the enteric nervous 

system (17), interactions with toll-like receptors in the intestinal epithelium (18), regulation of 

the immune system19, and signaling of microbially-modified metabolites including those 

originating from food sources and host bile acids (20-25). These metabolites serve as a 

functional measure of microbial activity, and the fecal metabolome closely reflects the 

composition of the fecal microbiome (26). Therefore, to understand the impacts of the 

microbiota on the host, it is crucial to study not only the microbiota, but also to examine the 

molecules that they produce and that are present in their microenvironment. However, there 

have been no studies to date examining the effects of sleep disruption on the fecal metabolome 

using untargeted metabolomics. 

 We thus investigated the impact of a sub-chronic, five-day sleep disruption protocol 

on the fecal microbiome and fecal metabolome in mice. Assessment of the fecal microbiome 

using 16S rRNA gene amplicons and of the fecal metabolome using untargeted LC-MS/MS 

mass spectrometry revealed a global shift in both the microbiome and metabolome after sleep 

disruption, and aspects of these changes persisted through the fourth day after returning to ad 

libitum sleep. Furthermore, microbial differential abundance testing and utilization of Global 

Natural Products Social Molecular Networking (27) (GNPS) allowed us to identify specific 

taxa of bacteria and families of metabolites that change in response to five days of sleep 
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disruption, many of which have known physiological relevance. These findings support the 

hypothesis that gut dysbiosis, and changes in the fecal metabolome, after sleep disruption may 

contribute to some of the health problems long known to be associated with inadequate sleep 

and that these changes may be present even after the sleep-wake state is normalized.   

 

C.  Materials and Methods 

1.  Animals 

Seven-week old male C57BL/6N mice (Experiment 1, N = 7; Experiment 2, N = 20; 

Charles River Laboratories, USA) were used in these experiments. Mice were group-housed 

upon arrival for one week until surgery (Experiment 1) or until being placed into individual 

sleep disruption chambers (Experiment 2). Mice were maintained on a 12:12 L:D cycle at room 

temperature (23 °C + 2 °C) with food and water available ad libitum throughout the experiment. 

The light source was two 14 W fluorescent tubes (soft white, 3000 K), resulting in an average 

light intensity of ~500 lux inside the cylindrical sleep disruption cage. Zeitgeber Time (ZT) is 

defined as the number of hours after the onset of the light period (light onset = ZT0). All mice 

were housed and handled according to the Federal Animal Welfare guidelines, and all studies 

were approved in advance by the Institutional Animal Care and Use Committee at Northwestern 

University. 

 

2.  Experiment 1. Effects of a 5-day sleep disruption protocol on measures of 

sleep physiology and sleep recovery 
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In Experiment 1 we subjected adult male C57BL/6N mice to a five-day protocol 

whereby a slowly rotating horizontal metal bar (one pass every 7-8 seconds) at the bottom of 

the cage disrupted sleep for 20 h/day. The direction of rotation was programmed to reverse at a 

semi-random (unpredictable) interval from 0-20 seconds. The animals were allowed to sleep ad 

libitum from ZT2-ZT6 (Zeitgeber Time; ZT0 is the onset of light during the 12:12 light/dark 

cycle by convention), and control animals were left undisturbed in cages with a motionless 

metal bar. We recorded sleep in mice before, during, and after the sleep disruption protocol 

using implanted electroencephalogram (EEG)/electromyogram (EMG) (Figure 6.1a). 

 

3.  Experiment 2. Effects of a 5-day sleep disruption protocol on the fecal 

microbiome and metabolome 

In Experiment 2, a second group of mice was subjected to an identical sleep disruption 

protocol, and fecal samples were collected before sleep disruption (Pre-SD), at day two post-

sleep disruption (SD+2), and at day four post-sleep disruption (SD+4) (Figure 6.1b) to assess 

the fecal microbiome and fecal metabolome. 

 

4.  Sleep Recording and Analysis 

One week after arrival, mice for Experiment 1 were implanted with 

electroencephalographic/electromyographic (EEG/EMG) sleep recording devices (Pinnacle 

Technologies, Lawrence, KS, USA). Surgical procedures were performed using a mouse 

stereotaxic apparatus with standard aseptic techniques in a ventilated, specially equipped 

surgical suite. Anesthesia was induced by IP injection of cocktail of ketamine HCl (98 mg/kg; 
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Vedco Inc, St. Joseph, MO, USA) and xylazine (10 mg/kg; Akorn Inc, Lake Forest, IL, USA) 

before surgical implantation of a headmount, which consisted of a plastic 6-pin connector 

connected to four EEG electrodes and two EMG electrodes. Four stainless steel screws serving  

as anchors for the EEG leads and grounds were screwed into the skull with one screw located 

1 mm anterior to bregma and 2 mm lateral to the central suture, and the other at 1 mm anterior 

to lambda and 2.5 mm lateral to the central suture. The exposed ends of two stainless steel 

Teflon-coated wires (0.002 in. in diameter) serving as EMG leads were then inserted into the 

nuchal muscles using a pair of forceps. The headmount was then sealed by dental acrylic and a 

single suture at the front and back of the implant was given to close the skin. Subcutaneous 

injection of analgesic meloxicam (2 mg/kg; Norbrook Laboratories, Newry, Northern Ireland) 

was given to the animals immediately after the surgery while the animals were still under 

anesthesia and once more on the following day. 

One week after implant surgery, mice were moved into cylindrical sleep recording cages 

(25 cm in diameter and 20 cm tall, Pinnacle Technologies) within individual acoustically 

isolated chambers and the headmount was connected to the transmission tether. Cages had 

corncob bedding and food/water available ad libitum. Two days were allowed for acclimation 

to the tether before baseline sleep was recorded. Sleep was recorded continuously throughout 

the remainder of the experiment. Data were collected using Pinnacle Acquisition software 

(Pinnacle Technologies), then scored as non-rapid eye movement sleep (NREM), rapid eye 

movement sleep (REM), or Wake in 10 second epochs using machine learning-assisted sleep 

scoring software developed in the Turek/Vitaterna laboratory (28). The initiation of a bout of 

NREM, REM, or Wake was defined by the occurrence of two consecutive epochs of NREM, 
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REM, or Wake (respectively). A bout was terminated when a bout of another state occurred. 

Sleep bouts were initiated by two consecutive epochs of a sleep state (NREM or REM) and 

were only terminated when a wake bout occurred. The delta power band was defined as 0.5-4 

Hz. Relative power was calculated as the raw power (uV^2) in a particular band divided by the 

total power in all bands. Power was then reported as a percent of baseline to reduce inter-

individual variability. 

 

5.  Sleep Disruption Protocol  

The same sleep disruption protocol was used in Experiment 1 and Experiment 2. Prior 

to the sleep disruption protocol, all mice were transferred from their home cages into individual 

sleep disruption cylindrical cages. Cages had corncob bedding and food/water available ad 

libitum. Mice were allowed to acclimate to the chambers for 7 days before beginning the sleep 

disruption protocol. Sleep disruption was achieved using a commercially available system 

integrated into the chambers (Pinnacle Technology, Lawrence, KS, USA), which simulates the 

gentle handling technique via a rotating metal bar (22 cm in length) attached to a post at the 

center of the cage. For the sleep disruption period, the bar’s rotation speed was set at seven 

rotations per minute with reversals of rotation direction (i.e., clockwise vs. counterclockwise) 

set to occur at semi-random intervals of 10 ± 10 seconds. The bar was programmed to rotate 

for 20 hours per day (ZT6-ZT2), and was stationary from ZT2-ZT6, for 5 days. Experimenters 

visually inspected mice at regular intervals during the sleep disruption windows to ensure that 

the bar mechanism was functioning properly and that the sleep-disrupted mice were awake. 

Control animals were placed in identical cages with bars that remained stationary throughout 



 

142 

 

the experiment. At ZT2 of the fifth sleep disruption day, the motorized bars were stopped, and 

mice were allowed to sleep ad libitum for the remainder of the experiment.  

 

6.  Fecal Sample Collection 

In Experiment 2, fecal samples were collected at 3 different timepoints: 1) after mice 

were transferred to sleep disruption cages but before starting sleep disruption (Pre-SD); 2) on 

the second afternoon (~30 h) after the sleep disruption protocol was ended (SD+2); and 3) on 

the fourth afternoon after the sleep disruption protocol was ended (SD+4). At each collection, 

mice were placed into a clean sleep disruption chamber with fresh bedding and food and 

monitored closely until two fresh fecal pellets from each mouse were collected. Samples were 

placed into individual 1.5 mL microfuge tubes, and frozen at -80 ºC until 

microbiome/metabolome analysis. All fecal pellets were collected between ZT6 and ZT12. 

 

7.  Microbiome Analysis 

Microbiome data were generally analyzed using the Quantitative Insights Into Microbial 

Ecology 2 (QIIME2, version 2018.2) bioinformatics software package (29,30). A total of 56 

fecal samples (Pre-SD: n = 10/10 Con/SD; SD+2: n = 8/8 Con/SD; SD+4: n = 10/10 Con/SD) 

were processed for microbiome analyses. DNA was extracted from fecal samples and the V4 

region of the 16S rRNA gene was amplified using the 515f/806rB primer pair with the barcode 

on the forward read (31) and sequenced as previously described (32) using an Illumina MiSeq. 

Sequence data were processed using Deblur v1.0.2 (33), trimming to 150 nucleotides to create 

sub-operational-taxonomic-units (sOTUs). These were then inserted into the Greengenes 13_8 
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(34) 99% reference tree using SATe-enabled Phylogenetic Placement (SEPP) (35). SEPP uses 

a simultaneous alignment and tree estimation strategy (36) to identify placements for sequence 

fragments within an existing phylogeny and alignment. Taxonomy was assigned using an 

implementation of the Ribosomal Database Project (RDP) classifier (37) as implemented in 

QIIME2 (29). 

The OTU feature table was filtered to remove any features present in three or fewer 

samples (out of the 56 original samples), and alpha and beta diversity metrics were performed 

at a rarefied depth of 8431 reads, resulting in the removal of five samples from the dataset (final 

n for diversity metrics: Control/SD - Pre-SD: n = 8/8; SD+2: n = 8/8; SD+4: n = 10/9). Beta 

diversity was assessed using weighted UniFrac distance (38) matrices, which were used to 

generate PCoA plots and to perform PERMANOVA in QIIME2. Within-group distance was 

calculated from distance matrices by averaging the weighted UniFrac distance from an 

individual sample to all other samples in the same group (Con vs SD) at the same timepoint. 

Distance from baseline was calculated by averaging the distance from an individual sample at 

SD+2 or SD+4 to all samples in the same group at the Pre-SD timepoint. Alpha diversity metrics 

were calculated using scikit-bio 0.5.1 as implemented by QIIME2. To test for differentially 

abundant taxa between control and sleep-disrupted groups, samples with less than 8000 reads 

were removed (final n for differential abundance testing: Control/SD - Pre-SD: n = 8/8; SD+2: 

n = 8/8; SD+4: n = 10/9), and DESeq2 (version 1.14.1) was performed on the non-rarefied 

dataset at each timepoint and at each taxonomic level using the Bioconductor R package in 

RStudio (version 1.0.136, RStudio Inc). This was used in favor of the Analysis of the 



 

144 

 

Composition of Microbiomes (ANCOM) due to the extremely low sensitivity of ANCOM when 

sample size is less than 20 per group (39). 

 

8.  PICRUSt2 Analysis of 16S rRNA gene data 

We inferred the microbial gene content from the taxa abundance using the software 

package Phylogenetic Investigation of Communities by Reconstruction of Unobserved States 

(PICRUSt2; https://github.com/picrust/picrust2; v2.1.4-b) (40). This tool allows assessment of 

functional capacity of a microbiome using 16S rRNA sequencing data. We then used DESeq2 

to identify genes that were differentially abundant between control and sleep-disrupted groups 

(notated with Enzyme Commission numbers).    

 

9.  Metabolomic Analysis 

A total of 56 fecal samples (Pre-SD: n = 10/10 Con/SD; SD+2: n = 8/8 Con/SD; SD+4: 

n = 10/10 Con/SD) were processed for analysis of the fecal metabolome. Fecal samples were 

analyzed using an ultra-high performance liquid chromatography system coupled to a 

quadrupole-Orbitrap mass spectrometer (Q Exactive, Thermo Scientific, Waltham, MA, USA). 

Chromatographic separation was accomplished using a Kinetex C18 1.7 µm, 100 Å pore size, 

2.1 mm (internal diameter) x 50 mm (length) column (Phenomenx, Torrance, CA, USA). The 

column was maintained at 40 °C during chromatographic separation. 5.0 µL of extract was 

injected per sample. Mobile phase composition was (A) water with 0.1 % formic acid (v/v) and 

(B) acetonitrile with 0.1 % formic acid (v/v) with a flow rate of 0.5 mL/min. Chromatographic 

elution was performed as follows: 0.00-0.50 min, 5% B; 0.50 - 4.00 min, 50% B;  4.00 - 5.00 
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min, 99% B; 5.00 - 7.00 min, 99% B; 7.00 -7.10 min, 5% B; 7.10 - 9.00 min, 5% B. Positive 

mode electrospray ionization was performed using a heated electrospray ionization source using 

the following source parameters: spray voltage, 3500 V; capillary temperature, 268.75 °C; 

sheath gas flow rate, 52.50 (arb. units); auxiliary gas flow rate, 13.75 (arb. units); probe heater 

temperature, 437.50 °C; and S-lens RF level, 50 (arb. units). Mass spectrometry data were 

collected using data-dependent acquisition. The MS1 scan range was set to 150-1,500 m/z with 

a resolution of 17,500 at 200 m/z. MS2 scans of the five most abundant ions in the previous 

MS1 scan, acquired in a data-dependent manner, were collected at a resolution of 17,500 at 200 

m/z. MS1/MS2 automatic gain control target and maximum ion injection time were set to 5.0 

E5 and 100 ms respectively. Higher-energy collision-induced dissociation was performed with 

a normalized collision energy stepped from 20, 30, to 40%.   

The LC/MS/MS feature table, generated using Optimus (41) peak detection, was 

normalized to an internal standard followed by a row sum (total ion count) normalization and 

filtered to remove features present in less than two samples. The resulting table contained 1124 

metabolites. PCoA plots were then generated using Bray-Curtis distance, and PERMANOVA 

was performed at each timepoint on the normalized feature table using the Vegan package 

(version 2.5-5) in RStudio. In order to identify metabolites that were different between sleep-

disrupted and control groups, we used a multiple-method approach that included machine 

learning and nonparametric hypothesis testing. In order to first identify the group of metabolites 

that were the key drivers of differences between groups at each timepoint, Variable Selection 

Using Random Forests (VSURF, version 1.0.3) (42,43) analysis was performed using the 

VSURF.R package in RStudio. Briefly, this protocol uses multiple iterations of the random 
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forest supervised machine learning technique to isolate the most important drivers of separation 

between two groups by defining a threshold variable importance. Taking this list of 

suprathreshold features, we then performed Wilcoxon Rank Sum tests at each timepoint as a 

form of a ‘post hoc’ test to confirm differences between groups. 

Features of interest were annotated using GNPS (version 1.3.0) (27), which allows MS1 

and MS2 spectra to be shared between researchers, forming a large database. By matching an 

unknown spectrum to one or more in the database, and examining similarity to others within a 

molecular network, GNPS can be used to identify purported molecular structures of features 

from untargeted metabolomics. A molecular network was created using the online workflow at 

GNPS. The data were filtered by removing all MS/MS peaks within +/- 17 Da of the precursor 

m/z. MS/MS spectra were window-filtered by choosing only the top six peaks in the +/- 50 Da 

window throughout the spectrum. The data were then clustered with MS-Cluster with a parent 

mass tolerance of 0.1 Da and a MS/MS fragment ion tolerance of 0.1 Da to create consensus 

spectra. Further, consensus spectra that contained less than two spectra were discarded. A 

network was then created where edges were filtered to have a cosine score above 0.6 and more 

than four matched peaks. Further edges between two nodes were kept in the network if and only 

if each of the nodes appeared in each other's respective top ten most similar nodes. The spectra 

in the network were then searched against GNPS' spectral libraries. The library spectra were 

filtered in the same manner as the input data. All matches kept between network spectra and 

library spectra were required to have a score above 0.6 and at least four matched peaks. Results 

can be found at 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6fb1d63a51764c7ea75a4e7256b6936a. 
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Individual features of interest from the feature table were then matched to nodes 

(clusters) in the network whose average m/z and RT were within 0.025 and 30 s, respectively, 

of the feature of interest. Features that were matched to multiple clusters using the 

aforementioned criteria were assigned to the cluster with the closest average m/z and RT. 

 

10.  Statistical Analysis and Software 

All graphs depict the mean +/- SEM unless otherwise stated. All PCoA plots were 

generated using the EMPeror visualization tool as implemented in QIIME2 (44). Microbiome 

data processing and analysis, including PERMANOVA, were performed in QIIME2 as outlined 

above. Wilcoxon Rank-Sum tests, Kruskal-Wallace tests, VSURF, DESeq2 (with Benjamini 

Hochberg adjustment), heatmaps, and boxplots/scatterplots were performed or generated in 

RStudio (version 1.0.136, RStudio Inc). Two way ANOVA and mixed-effects models with 

Bonferroni post hoc testing of sleep, alpha diversity, and beta diversity measures, along with 

generation of all other graphs/figures, was performed using GraphPad PRISM (version 8.2.1; 

GraphPad Inc, San Diego, CA, USA). Test statistics generated by PERMANOVA, ANOVA, 

and mixed-effects models are reported in Table 6.S1. 

 

11.  Data Availability 

Sequencing data and metadata are available on Qiita (45) under study ID 10777 and on 

EBI-ENA with accession number EBI: ERP113564 (46). The metabolomics dataset is publicly 

available in the MassIVE database under accession number MSV000080630 
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(https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=8f3141b17a1e4b5886df0d4c515f2a16

) (47). 

 

D.  Results and Discussion 

1.  Experiment 1: The five-day sleep disruption protocol significantly reduces 

and fragments sleep 

In Experiment 1, we performed a detailed analysis of sleep before, during, and after the 

sleep disruption protocol that was used in Experiment 2. We subjected male C57BL/6N mice 

to a five-day protocol whereby sleep was disrupted for 20 h/day, with ad libitum sleep 

opportunity from ZT2-ZT6 (see Methods and Figure 6.1a). Control animals were left 

undisturbed in cages with a motionless metal bar. We recorded sleep using implanted 

electroencephalogram (EEG)/electromyogram (EMG). Compared to control animals, sleep-

disrupted animals had significantly less total sleep, NREM sleep, and REM sleep per 24 hours 

during the protocol (Figure 6.2a-c, F statistics can be found in Table 6.S1). While the amount 

of 24-hour NREM sleep recovered to the level of controls within the first day of recovery sleep 

(Figure 6.2b), there was a significant rebound in the amount of REM sleep on the first day of 

recovery sleep (Figure 6.2c). In order to observe sleep with greater resolution, we examined 

the fifth day of the sleep disruption protocol and the beginning of the first day of recovery sleep 

using two-hour time bins. It was evident that the majority of this 24-hour sleep loss occurred 

during the hours of the light period in which the motorized sleep disruption bar was moving 

(ZT0-ZT2 and ZT6-ZT12, Figure 6.2e-g). REM sleep was reduced to nearly zero percent while 

the motorized bar was moving, and this resulted in strong REM rebounds during the first two 
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hours of the ad libitum recovery windows (Figure 6.2g). Sleep disruption also resulted in more 

fragmented sleep. During the five days of sleep disruption, there was a significantly higher 

number of state changes in sleep-disrupted mice compared to controls (Figure 6.2d,h). 

Furthermore, there was an increase in the number of bouts of sleep and bouts of NREM in the 

sleep disruption group, accompanied by a significant decrease in the bout length, further 

suggesting fragmentation (Figure 6.S1). The number of REM bouts per 24 hours was 

significantly decreased on days the motorized bar was on, was significantly increased on the 

first recovery day, but no longer significantly different from control by the second recovery day 

(Figure 6.S1). 

 

2.  Experiment 2: Five days of sleep disruption creates changes in the fecal 

microbiome that last at least four days after disruption has ended 

While previous work has demonstrated chronic (four week) sleep fragmentation (short 

disruption every two minutes) in mice alters the gut microbiome (15), it remains unknown what 

impact a sub-chronic, more severe sleep disruption paradigm may have. In Experiment 2, fecal 

samples were collected before sleep disruption (Pre-SD), at day two post-sleep disruption 

(SD+2), and at day four post-sleep disruption (SD+4) (see Methods and Figure 6.1b) to assess 

the fecal microbiome and fecal metabolome. Beta diversity, or the difference in diversity 

between two or more communities, was assessed at each experimental time point with weighted 

UniFrac distance, which takes into account both the abundances and phylogenetic relatedness 

of two communities (38,48). Principal coordinates analysis (PCoA) revealed no difference 

between control and sleep-disrupted groups at baseline, as expected (p = 0.877, 
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PERMANOVA; Figure 6.3a), but significant clustering of control mice and sleep-disrupted 

mice indicated a global difference in community structure at SD+2 (p = 0.018, PERMANOVA; 

Figure 3b) that was gone by SD+4 (p = 0.663, PERMANOVA; Figure 6.3c). The distance 

from baseline, the average weighted UniFrac distance between an individual post-sleep 

disruption and all individuals within the same group at Pre-SD, was increased at SD+2 and 

SD+4 (Figure 6.3d, Right panel). Furthermore, sleep disruption significantly increased the 

dissimilarity between individuals within the sleep-disrupted group at SD+2 and SD+4 (Figure 

6.3d, Left panel). Therefore, five days of repeated sleep disruption had a “destabilizing” effect 

in that it not only shifted microbial communities away from controls, it increased dissimilarity 

within the group, and this effect lasted at least four days after return to ad libitum recovery 

sleep.  

Multiple measures of alpha diversity, the microbial diversity within an individual 

community, were also examined because reductions in alpha diversity have been associated 

with pathological states such as inflammatory bowel syndrome (49), chronic stress (50), and 

obesity (51). Faith’s phylogenetic diversity index was not affected by sleep disruption (Figure 

6.3e, Left), consistent with results in different sleep disruption models (15). Pielou evenness 

(52), a measure of how evenly distributed species in a population are, was also unaffected by 

sleep disruption (Figure 6.3e, Right). 

 

3.  Multiple bacterial taxa are differentially abundant in the sleep-disrupted 

group  
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In order to investigate which bacterial taxa were driving the changes in beta diversity 

seen after sleep disruption, we performed analysis of differential abundance using the DESeq2 

R package. Although DESeq2 may not adequately account for the compositionality of 

microbiome datasets (53), a recent study comparing multiple methods for differential 

abundance testing revealed DESeq2 to have superior sensitivity and specificity when the per-

group n < 20, as it was in our case (39). We tested for differential abundance between control 

and SD groups at each taxonomic level, at each timepoint. Of the 142 originally identified taxa 

(includes all levels), 0, 16, and 6 were significantly different at the Pre-SD, SD+2, and SD+4 

timepoints, respectively (FDR < 0.1, Figure 6.4a; Table 6.S2). The ratio of the two most 

prevalent phyla in the mammalian gut, the Firmicutes:Bacteroidetes (F:B) ratio, is a blunt 

measure of community shift. An increase in the F:B ratio has been seen in obesity (54,55), stress 

(56), as well as models of acute (14) and chronic (15) sleep disruption. We found a significant 

sleep disruption-induced increase in the F:B ratio (Figure 6.4b) that was significant at SD+2 

but not at SD+4. 

The increase in the F:B ratio was due to a significant increase in the relative abundance 

of Firmicutes at SD+2 (Figure 6.4c). Within the Firmicutes phylum, two major classes 

changed in different directions at SD+2. Bacilli were significantly decreased in sleep-disrupted 

mice (Figure 6.4d), while Clostridia were significantly increased (Figure 6.4g). The decrease 

in the class Bacilli appeared to mostly be due to significant decreases in the genus Lactobacillus 

(Figure 6.4e) and genus Turicibacter (Figure 6.4f). Within the Clostridia class, one unknown 

genus within the Clostridiaceae family was significantly decreased at SD+2 (Figure 6.4h), 

while other taxa within class Clostridia were significantly increased (Table 6.S2). The low 
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abundance phylum Actinobacteria (Figure 6.4i) was significantly decreased in the sleep-

disrupted group at both SD+2 and SD+4. This decrease was evident in the genus 

Bifidobacterium within the Actinobacteria phylum. These results parallel the beta diversity 

findings in that the greatest magnitude of shift in the fecal microbiome was at SD+2, and while 

some measures recover, others persist into SD+4. 

 

4.  Five days of sleep disruption changes the fecal metabolome 

Due to the increasing evidence supporting the role microbes play in generating or 

altering physiologically active metabolites, we examined the impact of sleep disruption on the 

fecal metabolome. Using untargeted LC-MS/MS mass spectrometry, we assessed the 

metabolomes of fecal pellets taken from the same mice at the same timepoints as those used for 

microbiome analysis. Normalized feature tables containing 1124 features were used for PCoA 

analysis at each timepoint to assess global changes due to sleep disruption. No separation was 

observed at Pre-SD (p = 0.881, PERMANOVA; Figure 6.5a), but a clear separation between 

sleep-disrupted and control mice was seen at SD+2 (p = 0.007, PERMANOVA; Figure 6.5b). 

This separation was no longer present at SD+4 (p = 0.381, PERMANOVA; Figure 6.5c). Of 

the 1124 molecular features assayed, 250 were identified as significantly changing over time, 

relative to Pre-SD baseline, in either the control group, the sleep-disrupted group, or both 

(Kruskal-Wallace FDR < 0.1, Figure 6.5d). Many features (101/250) significantly changed 

only in control animals, suggesting sleep disruption prevented a naturally occurring change. 

Conversely, 57/250 features significantly changed over time in the sleep-disrupted mice but not 

in the non-sleep-disrupted mice. We also compared sleep disruption to control groups at each 
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timepoint individually to assess the relative amount of differentially abundant features at each 

stage of the experiment, and the majority of significantly differentially abundant features 

(142/204; Wilcoxon Rank-Sum, p < 0.05) were found at SD+2 (Figure 6.5e), with 57 of those 

142 decreased and 85 of the 142 increased in the sleep-disrupted group. Only 20/204 (13 

decreased, 7 increased in the SD group) significantly differentially abundant features were 

found at Pre-SD, whereas 42/204 (29 decreased, 13 increased in the SD group) significantly 

differentially abundant features were found at SD+4. Overall, these results indicate that five 

days of sleep disruption results in a global shift in the fecal metabolome, both preventing 

naturally occurring shifts in the abundances of some metabolites and creating changes in others. 

While this global shift is present only at SD+2, some metabolites remained altered on the 4th 

day of ad libitum recovery sleep. 

 

5.  A subset of metabolites drive separation between sleep-disrupted and 

control groups at day two post-sleep disruption  

Variable Selection Using Random Forests (VSURF) (42,43) was used to identify 

features that were important drivers of separation between sleep disruption and control groups 

at SD+2. VSURF identified 98 features that were above the threshold variable importance 

(suprathreshold) and that successfully distinguished the two groups on a heatmap (Figure 6.6a-

b; Table 6.S3).  

From here we sought to learn about the possible identities of these features of interest 

using GNPS (27). By matching an unknown spectrum or cluster of spectra to spectra in a large 

database, and examining their similarity to others within a molecular network, GNPS can be 
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used to identify molecular classes and annotate purported molecular structures of features from 

untargeted metabolomic datasets. This is a level 2 or 3 metabolite identification according to 

the 2007 Metabolomics Standards Initiative (57), where level 1 is considered a high confidence 

identification. Using GNPS to generate a molecular network for this dataset, the MS2 spectra 

of 21/98 suprathreshold SD+2 features were matched to annotated spectra, including 4 of the 

top 25 drivers identified by VSURF (Figure 6.6b). Examining only the top annotated features 

(Figure 6.6c), many features with spectral matches to di- and tripeptides, along with the lysine 

degradation product L-saccharopine, were significantly increased in the sleep-disrupted group 

(Figure 6.6d-f; Figure 6.S2).  

We also noticed sleep disruption-induced changes in features with spectral matches to 

bacterially modified molecules including bile acids and urobilin. Two suprathreshold features 

with spectral matches to the bile acid cholic acid were significantly reduced, and two were 

significantly increased in sleep-disrupted mice at SD+2 (Figure 6.6g-h). Furthermore, two 

unannotated features with structural similarity to bile acids, as indicated by their presence in 

the same molecular networks as primary and secondary bile acids, were also significantly 

reduced (Figure 6.S3), indicating structural similarity to bile acids. Bile acids are commonly 

modified by bacteria in the gut lumen by the enzyme encoded by the gene bile salt hydrolase 

(BSH) (58,59), and have diverse signaling properties that involve the immune (60) and nervous 

systems (24,61). Thus, we used the software package PICRUSt2 to infer microbial gene content 

from the 16S rRNA gene data and assess inferred abundance of microbial BSH in our fecal 

samples. We found the inferred abundance of BSH (EC:3.5.1.24) was significantly reduced in 

the sleep-disrupted group at SD+2 (Figure 6.6i, Table 6.S4). These results provide evidence 
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that microbially modified, physiologically active classes of molecules are impacted by five days 

of sleep disruption, and that the microbiota have altered functional capacity to produce them. 

Another class of molecules that was affected by sleep disruption was dietary-derived 

pentacyclic triterpenoids. Triterpenoids are plant-derived molecules, and some have been 

shown to have anti-inflammatory properties (62). We identified a molecular network containing 

43 clusters, 12 of which were annotated as pentacyclic triterpenoids or close derivatives (Figure 

6.S4). Of the 43 clusters in the network, 9 were matched to VSURF suprathreshold features. 

This includes seven that were suprathreshold at SD+2 (Figure 6.S4b-h) and two that were 

suprathreshold at SD+4 (Figure 6.S4i,j). A feature with a spectral match to sumaresinolic acid 

(Figure 6.S4b), along with unannotated feature 645 (Figure 6.S4g) were significantly reduced 

at SD+2. A feature matching corosolic acid (Figure6. S4c), along with unannotated features 

with the ID’s 871, 204, 133 and 273 (Figure 6.S4d-f,h) were significantly increased at SD+2.  

Another molecular network of interest contained two unannotated ions that only 

appeared in sleep-disrupted groups (Figure 6.S5). These metabolites therefore hold potential 

to act as markers for recent sleep disruption, and future additions to the GNPS database may 

result in level 2 or 3 annotation of clusters in the network. 

 

6.  Some changes to fecal metabolites are present at day four post-sleep 

disruption 

Although no global change was seen on PCoA, we also ran VSURF analysis on the 

SD+4 feature table and identified 64 suprathreshold metabolites that were able to separate the 

control and sleep-disrupted groups (Figure 6.S6a-b; Table 6.S3). Seven of these metabolites 



 

156 

 

had MS2 spectra that matched reference spectral libraries in GNPS. Among the annotated 

features were molecules with spectral matches to hederagenin and wilforlide A (Figure 6.S4i,j), 

which were significantly reduced compared to controls at SD+4, and fell into the same 

molecular network as multiple metabolites that were suprathreshold at SD+2. Others that were 

significantly increased or decreased at SD+2 compared to controls did not recover by SD+4 

(e.g. Figure 6.S6d-f). This indicates that, while no global changes were evident by day four of 

recovery sleep, sleep disruption did have an impact on some individual metabolites that 

persisted for at least four days. 

 

E.  Conclusions 

Repeated sleep disruption is ubiquitous in modern society and has been linked to a 

multitude of health problems. Recent lines of scientific inquiry have established an important 

role for the gut microbiota in multiple facets of mammalian health and disease, many of which 

are also affected by sleep disruption. The present study took a detailed look at the impact of a 

sub-chronic, five-day sleep disruption protocol on the fecal microbiome as well as the fecal 

metabolome in mice, and found that repeated exposure to inadequate sleep had an impact on 

the microbiome and metabolome that lasted at least four days after the sleep disruption had 

ended. Importantly, sleep disruption reduced levels of beneficial bacterial genera, altered the 

metabolic function of the microbiome, and changed fecal levels of bacterially modified 

metabolites such as bile acids. These results can provide insights into possible mechanisms by 

which sleep disruption may impact host physiology.    
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The protocol used in this study resulted in severely disrupted sleep for five days. While 

NREM sleep was not completely deprived during the 20 hours per day the motorized bar was 

rotating, it was decreased and significantly fragmented. This disruption was fairly stable across 

the five days, indicating that the animals were unable to adapt to the paradigm or find strategies 

to improve sleep as the protocol went on. The repeated disruptions induced by each pass of the 

bar rarely allowed the mice to reach REM sleep, resulting in a near-total deprivation of REM 

during the 20 hours the bar was rotating. The subsequent REM rebound was evident during the 

first two hours of each four-hour ad libitum recovery as well as on the first 24-hour recovery 

day. This is a relevant model because repeated nights of inadequate sleep followed by a few 

days of recovery sleep is a common schedule in society today, and short sleep mixed with 

fragmentation is particularly prominent among groups with demanding work schedules such as 

on-call physicians (63) and active duty military personnel (64). By the second day of recovery 

sleep, nearly all sleep parameters had returned to control levels. Whether the specific 

characteristics of sleep disruption determine how the microbiome or metabolome changes is 

unknown and warrants further investigation.   

Fecal samples taken from sleep-disrupted mice at day two post-sleep disruption (SD+2) 

had a significantly different microbial community structure than those taken from control mice, 

but measures of alpha diversity were largely unaffected. Sleep disruption also increased the 

dissimilarity of the fecal microbiome between animals within the sleep disruption group (within 

group distance) at both SD+2 and SD+4, indicating a “destabilizing” effect that persisted long 

into recovery sleep. This is particularly interesting because the sleep-wake pattern appeared to 

normalize by SD+2.  
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Changes to particular taxa observed in sleep-disrupted mice suggest the dysbiosis 

induced by repeated inadequate sleep may have a detrimental physiological impact. Differential 

abundance analysis of individual taxa revealed multiple bacterial taxa that were increased or 

decreased in the sleep-disrupted group compared to controls, including an increase in the 

Firmicutes:Bacteroidetes (F:B) ratio and a decrease in Lactobacillus, Actinobacteria, and 

Bifidobacterium, all of which have established physiological impacts. An increase in the F:B 

ratio is a blunt measure of community shift and has been seen in many pathological states 

including obesity (54,55), chronic stress (56), as well as other models of sleep disruption 

(14,15). The phylum Actinobacteria, genus Bifidobacterium, and genus Lactobacillus were all 

low in sleep-disrupted mice. Previous studies in rodents and humans support a positive role for 

these taxa in stress resilience (13,65) and anxiety-like behavior (66-68). Therefore, an increased 

F:B ratio, along with reduced Actinobacteria, Bifidobacterium, and Lactobacillus indicates a 

state whereby ability to cope with a proinflammatory or anxiety-inducing stimulus may be 

reduced. Indeed, sleep deprivation results in altered responsiveness of the hypothalamic-

pituitary-adrenal (HPA) axis (69-71), increased inflammation (72,73), and potentiated effects 

of a chemical stressor in a model of colitis in mice (74), indicating that sleep deprivation may 

be a factor promoting stress vulnerability. This is supported by a human study that observed 

that preexisting complaints of poor sleep increased the risk of posttraumatic stress disorder 

(PTSD) and other stress-related psychiatric disorders following trauma exposure (75).  

As one of the principle mechanisms by which a change in the fecal microbiota can 

impact host physiology is via change in the molecules they produce, we also examined the fecal 

metabolome in this study. An untargeted metabolomic approach allows for wide surveillance 
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of the molecular environment as well as discovery of new molecular classes of interest (76). 

Although untargeted mass spectrometry cannot confirm exact structures of metabolites of 

interest without secondary targeted standard assays, GNPS (27) allows us to infer the general 

class of many interesting features based on spectral matches and molecular networking. Using 

this approach, we identified multiple classes of molecules significantly impacted by sleep 

disruption, including bile acids, which are microbially modified and physiologically relevant. 

 Multiple results from this study suggest microbiota-influenced bile acid metabolism was 

impacted by sleep disruption. Primary bile acids are cholesterol derivatives that are synthesized 

in the mammalian liver and excreted into the intestinal lumen to aid in lipid emulsification and 

absorption. In the intestine, primary bile acids are dehydroxylated and deconjugated by the gut 

microbiota, creating secondary bile acids and greatly enhancing the diversity of the bile acid 

pool (77). Mounting evidence in the past decade has described bile acids as versatile signaling 

molecules, with receptors throughout the mammalian organism (25,61,77). Some bile acids can 

act as anti-inflammatory and immunoregulatory agents in the intestinal tract and the central 

nervous system by activating the bile acid receptors FXR (farnesoid X receptor) and TGR5 

(Takeda G protein-coupled receptor 5) (24,60). Furthermore, bile acid receptors play a role in 

glucose, lipid, and cholesterol metabolism (78,79). Two molecules with spectral matches to 

cholic acid and two unannotated molecules within molecular networks that contained multiple 

primary and secondary bile acids were decreased in the sleep-disrupted group at SD+2.   

Importantly, analysis of the inferred gene content also revealed a reduction in the 

abundance of the microbial bile salt hydrolase (BSH) gene in the microbiomes of sleep-

disrupted mice at SD+2. BSH catalyzes the critical first step in microbial bile acid metabolism, 
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and multiple lines of evidence suggest these enzymes may be the “gatekeepers” of host-

microbiome crosstalk (59). In a previous experiment, feeding Escherichia coli engineered to 

overexpress Lactobacillus BSH to mice protected them from weight gain, and curbed lipid and 

cholesterol metabolism (80). A reduction in the fecal bile acid pool due to a reduction in 

microbial BSH, therefore, could result in a proinflammatory, metabolically dysregulated state 

in the host, both of which are reported in models of sleep disruption (1-3).  

We also noticed a general increase in the abundance of metabolites with spectral 

matches to tripeptides and dipeptides. This could indicate an increase in host mucosal 

proteolysis or in microbial proteolysis (81). Host and microbial proteolytic enzymes play a role 

in gastrointestinal physiology, including activating signaling pathways (e.g. protease-activated 

receptors or PAR’s) controlling inflammation and gut barrier function (81) as well as 

modulation of dorsal root ganglion neuron excitability (82). Furthermore, commensal bacteria 

have been shown to create molecules with potent protease inhibitory activity (83), so a shift in 

microbial community structure could have a direct impact on host proteolysis and physiology.   

  A third class of molecules that was impacted by sleep disruption was pentacyclic 

triterpenoids and close derivatives. The molecular family of dihydroxylated pentacyclic 

triterpenoids, judged by spectral matches to sumaresinolic acid and corosolic acid, were 

decreased and increased, respectively, at SD+2, while the dihydroxylated and 

monohydroxylated spectral features, with spectral matches to hederagenin and wilforlide A, 

were significantly decreased at SD+4. Also, four unannotated spectra within the network were 

significantly increased, and one was decreased, at SD+2. Triterpenoids are a class of diverse, 

plant-derived molecules that have been traditionally studied for their anti-tumor or anti-
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inflammatory properties (62,84,85). Shifts in the balance of this molecular network could 

therefore have impacts on host physiology. While it has been shown that administration of 

triterpenoid molecules can modulate the microbiota (86), and that certain pentacyclic 

triterpenoids are metabolized by the microbiota (87), it is unclear whether the changes seen in 

this family of molecules due to sleep disruption were due to changes in the microbiome. In 

order to evaluate the biological impacts and therapeutic potential of the molecules discovered 

in this study, follow-up studies will need to be done to verify the structures of the features 

discovered here as well as to quantify their concentrations in the gut.  

Our results are consistent with a study by Poroyko et al. investigating the gut microbiota 

in a mouse model of obstructive sleep apnea (15). In that study, four weeks of chronic sleep 

fragmentation caused global shifts in the fecal microbiome, as well as an increase in the F:B 

ratio, similar to this study. Furthermore, a study of acute sleep loss (four-hour sleep opportunity) 

in humans also observed an increase in the F:B ratio, but not a global shift in beta diversity (14). 

Recently, a study in rats found marked shifts in the fecal microbiome and urinary metabolites 

after a seven day severe stress/REM deprivation protocol (88). Taken with the present results, 

a link between inadequate sleep and the fecal microbiome appears to be present across species 

and sleep disruption protocols. Importantly, the present study expands on these findings to 

include the fecal metabolome, which has important implications as an effector system of 

microbe-host interactions (20). We found that, similar to the microbiome, the fecal metabolome 

(1124 measured metabolites) displayed a global shift when comparing sleep-disrupted mice to 

control mice at SD+2, but not SD+4. 
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It is of note that a study published by Zhang et al. (16) used a similar sleep restriction 

protocol (20h/day sleep disruption using a rotating bar for 7 days) but found no changes in the 

fecal microbiome. There are a few potential reasons for this discrepancy. First, the study by 

Zhang and colleagues used rats while ours used mice. Second, the rats in both the sleep 

restriction and control groups were manipulated every day to collect body weight measurements 

and fecal pellets. We chose to leave the animals relatively undisturbed throughout the sleep 

disruption protocol. Our automated protocol allowed mice to remain in the same home cage to 

have undisturbed sleep opportunity and to have limited contact with human researchers, which 

can affect the microbiome (89,90). However, this approach did introduce some limitations to 

the experiment because it did not allow for constant monitoring of food intake or fecal 

microbiome/metabolome during the sleep disruption period.  

Overall, this study characterizes the impact of inadequate sleep on fecal microbiome as 

well as the fecal metabolome, a potential effector system in microbe-host interactions. The 

changes to microbiome and metabolome were present on the second day of recovery sleep, and 

some changes persisted until at least the fourth day of recovery sleep, despite the recovery of 

most sleep within two days of the cessation of sleep disruption. This is particularly interesting 

in view of the observation that some of the neurobehavioral impairments observed after a week 

of short sleep do not recover after a ‘weekend’ of recovery sleep despite reduction of subjective 

sleepiness (91,92). Our findings also suggest that changes seen in particular bacteria and 

bacterially-influenced signaling molecules such as bile acids suggest a proinflammatory, 

metabolically dysregulated state in the days following a five-day sleep disruption protocol. 

Interventions designed to maintain the fecal microbiome and metabolome, or to proactively 
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offset the negative impacts of dysbiosis, should be investigated to promote resilience to repeated 

sleep disruption, a problem that is ubiquitous in modern society. 
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G.  Figures and Tables 

 

 

 

 

 

 

 

Figure 6.1.  Experimental timelines. a) Experiment 1. Adult male C57BL/6N mice (n = 3, 

Control; n = 4, Sleep Disruption) received surgical implants of sleep recording devices. After 

recovery from surgery, mice were subjected to five days of repeated sleep disruption and two 

days of ad libitum recovery sleep. Sleep was disrupted for 20 h/day, with an ad libitum sleep 

window between ZT2-ZT6. Sleep was recorded throughout the experiment. b) Experiment 2. 

Non-instrumented adult male C57BL/6N mice (n = 10/group) were subjected to the same sleep 

disruption protocol, but with four days of recovery sleep. Stool samples were collected before 

sleep disruption, on day 2 post-sleep disruption and on day 4 post-sleep disruption (arrows). 

Abbreviations: SD, Sleep Disruption. 

 

 

 

 

 

 

A.

B.
-7d +2d +4d

Stool
Sample

Stool
Sample

Stool
Sample

SD SDSDSDSD

7d
SD SDSDSDSD

Baseline
Sleep Recovery

Sleep

Surgery

Record Sleep



 

165 

 

 

 

 

Figure 6.2.  Effect of sleep disruption protocol on sleep measures. a-d) 24-hour totals of total 

sleep, non-rapid eye movement sleep (NREM), rapid eye movement sleep (REM), and state 

shifts. There was a significant decrease in sleep, NREM, and REM during the sleep disruption 

protocol, and an increase in state shifts. e-h) Two-hour bins of total sleep, NREM, REM, and 

state shifts from the fifth day of the sleep disruption protocol through ZT4 of the first day of 

recovery sleep. Yellow bars under the x axis indicate the lights being on, while black bars 

indicate the lights being off. Abbreviations: BL, baseline; SD, sleep disruption; R, recovery; 

ZT, zeitgeber time. n = 3-4/group. *p < 0.05, **p < 0.01, ***p < 0.001 (Bonferroni post hoc 

test); +p < 0.05 (overall effect of SD over entire time interval, Mixed-effects model); •p<0.05 

(overall effect of Time over entire time interval, Mixed-effects model); #p < 0.05 (SDxTime 

interaction over entire time interval, Mixed-effects model). 
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Figure 6.3.  Effect of sleep disruption on microbiome beta and alpha diversity. a-c) Principal 

coordinates analysis (PCoA) plots using weighted UniFrac distance. A significant difference 

between sleep disruption and control groups at day 2 post-sleep disruption was detected using 

PERMANOVA. d) Average weighted UniFrac distance from an individual to all individuals 

within the same group (left) and from an individual post-sleep disruption to each individual pre-

sleep disruption (right) is increased at both day 2 and day 4 post-sleep disruption. e) Faith’s 

Phylogenetic Diversity (left) and Pielou Evenness (right) were unchanged throughout the 

experiment. SD, Sleep Disruption. n = 8-10/group. *p < 0.05 (PERMANOVA);  **p < 0.01, 

***p < 0.001 (Bonferroni post hoc test); +p < 0.05 (Overall effect of SD, Mixed-effects model); 

#p < 0.05 (SD x Time interaction, Mixed-effects model). 
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Figure 6.4.  Effect of sleep disruption on individual microbial taxa. At each timepoint, DESeq2 

was performed at each taxonomic level to identify taxa differentially abundant between sleep 

disrupted and control groups. a) Summary of significantly different taxa by timepoint. b) The 

ratio of relative abundances of the phyla Firmicutes to Bacteroidetes was significantly increased 

at day 2 post-sleep disruption in sleep-disrupted animals. This increase was mostly driven by a 

significant increase in Firmicutes (c). Within the Firmicutes phylum, the class Bacilli (d), genus 

Lactobacillus (e), and genus Turicibacter (f) were reduced at day 2 post-sleep disruption. The 

class Clostridia was increased (g) and an unknown genus within the Clostridiaceae family (h) 

was decreased in sleep-disrupted animals at day 2 post-sleep disruption. Both the phylum 

Actinobacteria (i), and the genus Bifidobacterium (j) were decreased at day 2 and day 4 post-

sleep disruption in the sleep disrupted group. n = 8-10/group. Data represent means ± SEM. *p 

< 0.05 (Wilcoxon Rank-Sum Test); ^FDR < 0.1 (DESeq2). 
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Figure 6.5.  Effect of sleep disruption on the fecal metabolome. a,b,c) Principal coordinates 

analysis (PCoA) plots using Bray Curtis distance. PERMANOVA detected a significant 

difference between sleep disruption and control groups day 2 post-sleep disruption (SD), but 

not pre-SD or at day 4 post-SD. d) Kruskal-Wallace tests were run within the control group and 

within the SD group to determine metabolites significantly changing over the course of the 

experiment (FDR < 0.1). The number of metabolites found to have an effect of time only in the 

control group (left number), an effect of time only in the sleep-disrupted group (right number), 

or in both groups (middle number) is depicted in the Venn diagram. e) Wilcoxon Rank-Sum 

tests were performed at each timepoint to quantify the number of metabolites increased (right, 

green bars) or decreased (left, pink bars) in the sleep disruption group at each timepoint 

(uncorrected p < 0.05). SD, sleep disruption. n = 8-10/group. **p < 0.01 (PERMANOVA. 
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Figure 6.6.  Metabolites that drive changes seen at day 2 post-sleep disruption. Variable 

Selection Using Random Forests (VSURF) was performed at the second day post-sleep 

disruption (SD+2) to identify metabolites that are the most important drivers (above a threshold 

variable importance) of separation between sleep-disrupted (SD) and control groups. a) 

Heatmap of the 98 suprathreshold metabolites. b) Variable importance scores of the top 25 

suprathreshold metabolites (m/z_RT), along with direction of change (arrows, green/up = 

increased in SD group, red/down = decreased in SD group). Bold indicates metabolites that 

were annotated using Global Natural Products Social Molecular Networking (GNPS). c) Top 

20 annotated metabolites. Normalized abundance (peak intensity normalized to total ion count) 

of metabolites with spectral matches to d) Ala-Glu-Lys, e) Val-Cys-Lys, and f) Asn-Ile were 

increased at SD+2 but not at day SD+4. g,h) One metabolite with a spectral match to cholic 

acid was increased (g) and another was decreased (h) at SD+2. i) Inferred abundance of the 

microbial bile salt hydrolase gene (EC:3.5.1.24) was also reduced at SD+2. For (d-h), boxes 

indicate median, 25th and 75th quantiles; whiskers indicate 2*IQR from edges of box. For (i), 

data represent mean ± SEM. Abbreviations: VI, variable importance; SD, sleep disruption; m/z, 

mass to charge ratio; RT, retention time (seconds). n = 8-10/group. +FDR < 0.1, *p < 0.05, **p 

< 0.01 (Wilcoxon-Rank Sum test); ^FDR < 0.1 (DESeq2). 
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Figure 6.S1.  Effect of sleep disruption protocol on sleep fragmentation measures and delta 

power. a,b) There was a significant increase in the 24-hour totals of total sleep bouts (a) and 

non-rapid eye movement sleep (NREM) bouts (b) during the sleep disruption protocol in the 

sleep disruption (SD) group. c) Rapid eye movement (REM) bouts were decreased during the 

SD protocol, and increased on the first day of recovery in the SD group. d,e,f) Median sleep 

bout duration (d) and NREM bout duration (e) were significantly decreased in the SD group 

during the SD protocol, while the median REM bout duration (f) was unaffected in all days 

except for SD5. g) There was no change in 24-hour NREM delta power due to SD. 

Abbreviations: BL, baseline; SD, sleep disruption; R, recovery; ZT, zeitgeber time. n = 3-

4/group. *p < 0.05, **p < 0.01, ***p < 0.001 (Bonferroni post hoc test); +p < 0.05 (overall 

effect of SD, Mixed-effects model); •p < 0.05 (overall effect of Time, Mixed-effects model); 

#p < 0.05 (SDxTime interaction, Mixed-effects model). 
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Figure 6.S2.  Sleep disruption changes fecal levels of molecules related to protein metabolism. 

a) Normalized abundance (peak intensity normalized to total ion count) of a metabolite with a 

spectral match to Leu-Lys was increased at day 2 post-sleep disruption (SD). b) Global Natural 

Products Social Molecular Networking (GNPS)-generated molecular network containing 

multiple annotated (blue) and unannotated (grey) clusters. Numbers next to grey clusters 

indicate average parent mass of the spectra in the cluster. Metabolites that were above the 

threshold variable importance in Variable Selection Using Random Forests (VSURF) analysis 

are outlined with a black circle. Length of grey lines connecting clusters indicates relative 

similarity of the MS2 spectra. Arrowheads point towards clusters with a larger m/z. c) 

Normalized abundance of a metabolite with a spectral match to L-saccharopine was increased 

at day 2 post-SD. Boxes indicate median, 25th and 75th quantiles; whiskers indicate 2*IQR from 

edges of box. Abbreviations: VI, variable importance; SD, sleep disruption; m/z, mass to charge 

ratio; RT, retention time (seconds). n = 8-10/group. *p < 0.05, **p < 0.01 (Wilcoxon-Rank Sum 

test). 
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Figure 6.S3.  Sleep disruption decreases fecal levels of unknown molecules in networks with 

bile acids. a,d) Global Natural Products Social Molecular Networking (GNPS)-generated 

molecular networks containing multiple annotated (blue) and unannotated (grey) clusters. 

Numbers next to grey clusters indicate average parent mass of the spectra in the cluster. 

Metabolites that were above the threshold variable importance in Variable Selection Using 

Random Forests (VSURF) analysis are outlined with a black circle. Length of grey lines 

connecting clusters indicates relative similarity of the MS2 spectra. Arrowheads point towards 

clusters with a larger m/z. b) Normalized abundance (peak intensity normalized to total ion 

count) of an unannotated metabolite with ID 516 was decreased at day 2 post-sleep disruption 

(SD). c) Normalized abundance (peak intensity normalized to total ion count) of an unannotated 

metabolite with ID 512 was decreased at day 2 post-SD. Boxes indicate median, 25th and 75th 

quantiles; whiskers indicate 2*IQR from edges of box. Abbreviations: VI, variable importance; 

SD, sleep disruption; m/z, mass to charge ratio; RT, retention time (seconds). n = 8-10/group. 

*p < 0.05, **p < 0.01 (Wilcoxon-Rank Sum test). 
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Figure 6.S4.  Sleep disruption changes fecal levels of molecules related to pentacyclic 

triterpenoids. a) Global Natural Products Social Molecular Networking (GNPS)-generated 

molecular network containing multiple annotated (blue) and unannotated (grey) clusters. 

Numbers next to grey clusters indicate average parent mass of the spectra in the cluster. 

Metabolites that were above the threshold variable importance in Variable Selection Using 

Random Forests (VSURF) analysis are outlined with a black circle. Letters next to the black 

circles indicate the panel of the figure corresponding to the cluster. Length of grey lines 

connecting clusters indicates relative similarity of the MS2 spectra. Arrowheads point towards 

clusters with a larger m/z. b,c) Normalized abundance (peak intensity normalized to total ion 

count) of a metabolite with a spectral match to sumaresinolic acid (b) was decreased at day 2 

post-sleep disruption, while a spectral match to corosolic acid (c) was increased at SD+2. 

d,e,f,h) Unannotated molecules with ID 871 (d), 204 (e), 133 (f), and 273 (h) were increased 

at SD+2. g,i,j) Unannotated molecule ID 645 (g) was decreased at SD+2. Metabolites matching 

hederagenin (i), and wilforlide A (j) were decreased at SD+4. Boxes indicate median, 25th and 

75th quantiles; whiskers indicate points within 2*IQR from edges of box. Abbreviations: VI, 

variable importance; SD, sleep disruption; m/z, mass to charge ratio; RT, retention time 

(seconds). n = 8-10/group. *p < 0.05, **p < 0.01, ***p < 0.001 (Wilcoxon-Rank Sum test). 

 

 

 

 

 

 

 



 

176 

 

 

 

D.

●

0.0000

0.0005

0.0010

0.0015

0.0020

Day 2−Post

N
o

rm
a

liz
e

d
 A

b
u

n
d

a
n

c
e

Group

Control

SD

m/z:  455.356 , RT:  262

Annotated Name:  Corosolic acid

athreshold timepoint:  2 , Rank  63  Wilco x T1:  NA  T2:  0.005  T3

●

Day 2−Post Day 4−Post

Group

Control

SD

m/z:  485.327 , RT:  238

Annotated Name:  N/A

RF: Suprathreshold timepoint:  2 , Rank  62  Wilco x T1:  0.023  T2:  0.028  T3:  NA

*

Unknown Molecule, ID: 204

m/z: 485.327; RT: 238

●

●

●

●

●

0.0003

0.0006

0.0009

0.0012

Pre−SD Day 2−Post Day 4−Post

N
o
rm

a
liz

e
d

 A
b
u

n
d
a

n
c
e

Group

Control

SD

m/z:  519.332 , RT:  227

Annotated Name:  N/A

VSURF: Suprathreshold timepoint:  2 , Rank  67  Wilco x T1:  NA  T2:  0.038  T3:  NA

*

●

Pre−SD Day 2−Post Day 4−Post
Timepoint

N
o
rm

a
liz

e
d

 A
b
u
n

d
a

n
c
e

Group

Control

SD

  473.367 , RT:  261

Annotated Name:  N/A

VSURF: Suprathreshold timepoint:  2 , Rank  65  Wilco x T1:  NA  T2:  0.007  T3:  NA

**

0.000

0.002

0.004

0.006

Pre−SD Day 2−Post Day 4−Post

N
o

rm
a

liz
e

d
 A

b
u

n
d

a
n

c
e

Group

Control

SD

m/z:  489.32 , RT:  214

Annotated Name:  N/A  or  N/A

Timepoint

**

Unknown Molecule, ID: 645
m/z: 489.320; RT: 214

E.

**

Spectral Match to Corosolic Acid 

m/z: 455.356; RT: 262

0.0000

0.0005

0.0010

Day 2−Post

N
o

rm
a

liz
e

d
 A

b
u

n
d

a
n
c
e

Group

Control

SD

m/z:  421.346 , RT:  308

Annotated Name:  N/A

Suprathreshold timepoint:  2 , Rank  75  Wilco x T1:  NA  T2:  0.01  T3:  NA

*

Unknown Molecule, ID: 871

m/z: 421.346; RT: 308

C.

H.

F.

●

●

Pre−SD Day 2−Post Day 4−Post

N
o

rm
a
liz

e
d

 A
b
u
n

d
a
n

c
e

Group

Control

SD

m/z:  437.304 , RT:  280

Annotated Name:  Heder agenin  or  N/A  or  N/A

Timepoint

***

Spectral Match to Hederagenin

m/z: 437.304; RT: 280

●

0.000

0.002

0.004

0.006

0.008

Pre−SD Day 2−Post Day 4−Post

N
o

rm
a
liz

e
d

 A
b
u
n

d
a
n

c
e

Group

Control

SD

m/z:  455.314 , RT:  292

Annotated Name:  Wilf orlide A  or  N/A  or  Corosolic acid

Timepoint

**

Spectral Match to Wilforlide A
m/z: 455.314; RT: 292

J.I.

●

●

0.00004

0.00008

0.00012

0.00016

Pre−SD Day 2−Post Day 4−Post

Timepoint

N
o

rm
a

liz
e
d

 A
b
u

n
d
a

n
c
e

Group

Control

SD

m/z:  417.336 , RT:  230

Annotated Name:  Dihydroxycholestanone

VSURF: Suprathreshold timepoint:  2 , Rank  26  Wilco x T1:  NA  T2:  0.01041181  T3:  NA

A.

●

●

●

0.000

0.001

0.002

0.003

Pre−SD Day 2−Post Day 4−Post
Timepoint

N
o

rm
a

liz
e

d
 A

b
u

n
d

a
n

c
e

Group

Control

SD

m/z:  473.326 , RT:  308

Annotated Name:  7 −Oxocholesterol

VSURF: Suprathreshold timepoint:  2 , Rank  37  Wilco x T1:  NA  T2:  0.002952603  T3:  NA

**

Spectral Match to Sumaresinolic Acid
m/z: 473.326; RT: 308

B.

B

C

D

J

I

H
G

F

E

Unknown Molecule, ID: 133
m/z: 519.332; RT: 227

G. Unknown Molecule, ID: 273
m/z: 473.367; RT: 261

Pre−SD Day 4−Post Pre−SD Day 4−Post Pre−SD
0.000

0.002

0.004

0.00000

0.00025

0.00050

0.00075

0.00100

0.0010

0.0005



 

177 

 

 

Figure 6.S5.  Two unknown fecal metabolites are present only in sleep-disrupted mice. a) 

Global Natural Products Social Molecular Networking (GNPS)-generated molecular network 

containing multiple unannotated (grey) clusters. Numbers next to grey clusters indicate average 

parent mass of the spectra in the cluster. Metabolites that were above the threshold variable 

importance in Variable Selection Using Random Forests (VSURF) analysis are outlined with a 

black circle. Length of grey lines connecting clusters indicates relative similarity of the MS2 

spectra. Arrowheads point towards clusters with a larger m/z. b) Normalized abundance (peak 

intensity normalized to total ion count) of an unannotated metabolite with ID 964 was increased 

at day 2 post-sleep disruption and at day 4 post-sleep disruption. c) Normalized abundance 

(peak intensity normalized to total ion count) of an unannotated metabolite with ID 965 was 

increased at day 2 post-sleep disruption but not day 4 post-sleep disruption. Boxes indicate 

median, 25th and 75th quantiles; whiskers indicate points within 2*IQR from edges of box. 

Abbreviations: VI, variable importance; SD, sleep disruption; m/z, mass to charge ratio; RT, 

retention time (seconds). n = 8-10/group. *p < 0.05, **p < 0.01 (Wilcoxon-Rank Sum test). 
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Figure 6.S6.  Metabolites that are changed at day 4 post-sleep disruption. a) Heatmap of the 64 

metabolites that were above threshold variable importance in Variable Selection Using Random 

Forests (VSURF) analysis. b) Variable importance (VI) scores of the top 25 suprathreshold 

metabolites (m/z_RT). Bold indicates metabolites that were annotated using Global Natural 

Products Social Molecular Networking (GNPS). c) VI scores of annotated metabolites. d) 

Normalized abundance (peak intensity normalized to total ion count) of an unannotated 

metabolite with ID 241 was increased in sleep-disrupted relative to control mice at both day 2 

post-sleep disruption (SD) and day 4 post-SD. e) An unannotated metabolite with ID 661 was 

trending towards an increase in sleep-disrupted compared to control at day 2 post-sleep 

disruption and was increased at day 4 post-SD. f) An unannotated metabolite with ID 155 was 

trending towards a decrease in sleep-disrupted mice compared to control mice at day 2 post-SD 

and was decreased at day 4 post-SD. Boxes indicate median, 25th and 75th quantiles; whiskers 

indicate 2*IQR from edges of box. Abbreviations: VI, variable importance; SD, sleep 

disruption; m/z, mass to charge ratio; RT, retention time (seconds). n = 8-10/group. *p < 0.05, 

**p < 0.01 (Wilcoxon-Rank Sum test). 
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Table 6.S2.  Differentially Abundant Bacterial Taxa Post-Sleep Disruption 

 
Day 2 Post-SD1 

Taxon 

Control 

Relative Abundance 

Sleep Disrupted 

Relative Abundance 

Fold Difference 

(SD vs Con) Adjusted p 

Phylum Actinobacteria 0.0050 + 0.0020 0.0006 + 0.0002 -0.8800 0.0004 

Class Actinobacteria 0.0044 + 0.0020 0.0001 + 0.0001 -0.9773 0.012 

Order Bifidobacteriales 0.0042 + 0.0021 0.0001 + 0.0001 -0.9762 0.028 

Family Bifidobacteriaceae 0.0042 + 0.0021 0.0001 + 0.0001 -0.9762 0.032 

Genus Bifidobacterium 0.0042 + 0.0021 0.0001 + 0.0001 -0.9762 0.046 

Phylum Firmicutes 0.370 + 0.036 0.558 + 0.072 0.508 0.002 

Class Bacilli 0.027 + 0.010 0.001 + 4.2e-4 -0.963 1.9e-6 

Order Lactobacillales 0.013 + 0.008 0.001 + 4.2e-4 -0.923 0.003 

Family Lactobacillaceae 0.013 + 0.008 0.001 + 3.7e-4 -0.923 0.023 

Genus Lactobacillus 0.012 + 0.008 0.001 + 3.7e-4 -0.917 0.047 

Order Turicibacterales 0.014 + 0.008 0.000 + 0.000 -1.000 0.015 

Family Turicibacteraceae 0.014 + 0.008 0.000 + 0.000 -1.000 0.003 

Genus Turicibacter 0.014 + 0.008 0.000 + 0.000 -1.000 0.047 

Class Clostridia 0.340 + 0.037 0.553 + 0.072 0.627 0.051 

Order Clostridiales 0.340 + 0.037 0.553 + 0.072 0.627 0.028 

Family Clostridiaceae, Genus 

unknown 
0.003 + 0.002 0.001 + 0.0005 -0.667 0.047 

 

 
Day 4 Post-SD 

Taxon 

Control 

Relative Abundance 

Sleep Disrupted 

Relative Abundance 

Fold Difference 

(SD vs Con) Adjusted p 

Phylum Actinobacteria 0.0038 + 0.0014 0.0006 + 0.0002 -0.8421 0.004 

Class Actinobacteria 0.0029 + 0.0014 4.9e-5 + 3.8e-5 -0.9831 0.005 

Order Bifidobacteriales 0.0028 + 0.0013 4.9e-5 + 3.8e-5 -0.9825 0.002 

Family Bifidobacteriaceae 0.0028 + 0.0013 4.9e-5 + 3.8e-5 -0.9825 0.015 

Genus Bifidobacterium 0.0028 + 0.0013 4.9e-5 + 3.8e-5 -0.9825 0.005 

Phylum Firmicutes 0.439 + 0.015 0.475 + 0.073 0.082 0.045 

Order Turicibacterales 0.010 + 0.007 0.000 + 0.000 -1.00 0.087 
1DESeq2 was performed at each taxonomic level to determine taxa differentially abundant 

between sleep-disrupted and control groups. Taxa significant at an FDR < 0.1 are listed above 

as the mean relative abundance + SEM, along with Benjamini Hochberg-adjusted p values. Fold 

difference: (SD-Con)/Con. Abbreviations: SD, Sleep Disruption. n = 8-10/group. 
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Table 6.S1.  F Statistics for PERMANOVA, ANOVA, and Mixed-effects Models: See attached 

spreadsheet  

 

Table 6.S3.  VSURF Suprathreshold Metabolites1: See attached spreadsheet 

 
Table 6.S4.  PICRUSt2 Results: See attached spreadsheet. 
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