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ABSTRACT OF THE DISSERTATION 

 

Metabolic indicators of microbial colonization and disease progression in cystic fibrosis and 
microbial infection 

 
By 

 
Joann Phan  

 
Doctor of Philosophy in Biological Sciences 

 
University of California, Irvine, 2021 

 
Associate Professor Katrine Whiteson, Chair 

 
 

 Cystic fibrosis (CF) is a genetic disease that is characterized by impaired lung function 

due to a chronic infection where microbial community interactions are not very well understood. 

Because there are microbial metabolisms that may be contributing to changes in host physiology, 

patients experience intermittent periods of irreversible worsening lung function called pulmonary 

exacerbation events. Although there are pathogens that have been identified to infect the CF 

airways, the prediction of a specific microbial community does not infer disease status or clinical 

state progression. Additionally, there are small molecules including 2,3-butanedione and lactic 

acid that may be biomarkers of pulmonary exacerbations in CF, but larger cohort studies are 

needed. More generally, the consequences of the metabolites on community physiology warrants 

further investigation. Microbial community interactions in response to antimicrobials is also 

important. Given the prolonged usage of antibiotics throughout a subject’s life, the airway 

microbiome has adapted. To investigate the changes in microbial community metabolism that 

may contribute to pulmonary exacerbations, we have taken an in vitro approach to understand 

microbial physiology and a larger scale approach utilizing clinical samples to identify 
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microbiome and metabolome biomarkers across clinical state progression in a cohort of subjects 

with CF.  

Pulmonary exacerbation events may be triggered by changes in microbial metabolism. To 

investigate the source of microbial metabolic products that may be indicators of clinical state 

progression, we performed stable isotope probing in clinical isolates from CF sputum (Chapter 

1). Oral microbes Rothia mucilaginosa and Streptococcus salivarius actively produced volatile 

molecules previously seen in other CF studies, including 2,3-butanedione, acetone, acetaldehyde, 

and ethanol when cultured with 13C glucose. This result indicated that R. mucilaginosa and S. 

salivarius are capable of and have the potential to produce the volatile fermentation products in 

the CF airways. We also performed metabolomics and microbiome sequencing on a cohort of 

subjects with CF to see if we could identify changes in clinical state or disease stage progression 

(Chapter 4). From a cohort of 15 subjects, we identified that the subject explained more of the 

variation in the microbiome and metabolome than clinical state or disease stage. Multiple 

pulmonary exacerbation events from the same subject may also be unique.  

  In order to understand the mechanisms of how microbial metabolites may trigger 

exacerbation events, we need to understand the consequences of changes in microbial 

physiology. To investigate how microbial metabolites change the physiology of a prominent 

pathogen, Pseudomonas aeruginosa, we performed an in vitro transcriptome experiment 

(Chapter 2).  We exposed P. aeruginosa to fermentation products, 2,3-butanediol and lactic acid, 

and measured growth, gene expression, and phenotypic changes. The genotypic and phenotypic 

changes in response to the fermentation products indicated that P. aeruginosa became more 

dormant and grew in more aggregative modes of growth. To model more representative 

community interactions in a polymicrobial infection, we developed a novel perfused meat model 
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with P. aeruginosa and a native microbial meat community (Chapter 3). We administered 

antimicrobials through the perfused system and measured community growth and metabolism. 

Growth assays determined that antimicrobial stressors, even at sub-inhibitory, physiologically 

relevant concentrations, spurred P. aeruginosa dominance of the meat surface community. 

Volatile metabolite ion intensity levels showed that antibacterial treatments drove changes in 

microbial metabolism. 

 
INTRODUCTION 

 
Cystic fibrosis (CF) is a recessive genetic disease that affects multiple organs throughout 

the human body. It is caused by a mutation in the cystic fibrosis transmembrane conductance 

regulator (CFTR) that leads to a dysregulation of ions and water that can move in and out of 

epithelial cells. The dysfunction of CFTR results in impaired mucociliary clearance and 

accumulation of thick mucus that creates an ideal environment for bacterial colonization. 

Periodically, patients experience intermittent episodes of CF pulmonary exacerbation events 

(CFPE) that cause irreversible lung damage, yet the triggers for these events are still unclear and 

remain challenging to pre-emptively diagnose. Because persistent chronic infections of the 

airways are often times fatal, the microbial community plays an important role in CFPEs. 

However, the global change in microbial community diversity and density is not a predictor for 

CFPE 1,2. An important knowledge gap still surrounds the airway microbial community 

physiology and metabolism and how that affects clinical state progression (cycles of clinical 

stability to CFPE) in CF patients.   

 

Volatile organic compounds (VOCs) are produced by all organisms and can be used as 

non-invasive biomarkers of clinical state progression in CF. VOCs detected in breath are easy to 
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collect, compared to more invasive techniques such as bronchioalveolar lavage. Not only are 

VOCs signals of metabolism, they can also travel and affect the physiologies of surrounding or 

distant polymicrobial communities. The effects of volatile molecules on the microbial 

community and host physiology can have important consequences on patient clinical status. 

When looking at a snapshot of disease progression for a small number of patients, several 

potential biomarkers of CFPE resulting from microbial metabolisms, have been uncovered. For 

example, 2,3-butanedione, a volatile molecule produced by oral microbes and inhabitants of the 

airways was found elevated in the breath of a CF patient and was attenuated when the patient 

was administered IV antibiotics 3. Lactic acid, a fermentation product, was found to be increased 

in a cohort of patients prior to CFPE compared to different cohorts considered healthy, post 

CFPE, or experiencing CFPE4. However, data inferred from snapshots in time and from different 

cohorts of patients are limited. Urgently, studies investigating longitudinal sampling in the same 

individuals and analyses that cover multiple –omics techniques to uncover the complex 

underpinnings of clinical state progression in cystic fibrosis are needed.  

 

Microbes do not exist alone and are surrounded by a metabolic milieu with gradients of 

complexity that influence community physiology. Important factors that influence microbial 

community physiology include chemical gradients, physiochemical gradients of pH and oxygen, 

and spatial organization. Moreover, there are environmental cues in the community that may 

play a role in modulating antibiotic sensitivity and virulence. In the following work, we 

investigated chemical gradients including volatile molecules and metabolites produced by the 

microbial community, host, and the administration of antimicrobials. Microbes often rely on 

other microbes or the host to produce nutrients or molecules they cannot produce themselves. 
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For example, Pseudomonas aeruginosa, one of the dominant pathogens found in the CF airways, 

cannot utilize mucins as a carbon source and relies on mucin anaerobic fermenters to degrade 

mucin into accessible substrates for colonization 5. This cross-feeding may lead to modulation of 

antibiotic sensitivity in a polymicrobial community. When P. aeruginosa is cross-fed with a 

group of anaerobic species with the addition of ampicillin, the resistance P. aeruginosa was 

decreased compared to when P. aeruginosa was in mono-culture 6. However, when P. 

aeruginosa is grown with fermentation products produced by facultative anaerobic species, we 

saw a change in gene expression that suggests more aggregative or biofilm modes of growth that 

may protect P. aeruginosa from antibiotics 7. The complex dynamics between microbes and 

metabolites in the CF lung have the potential to critically impact disease severity. Uncovering 

these dynamics, lost in single sample studies, has inspired the longitudinal design found 

throughout this work.    

Elucidating microbial metabolisms and how they impact host physiology will not only 

aid in better clinical decision making, but will also result in better patient quality of life. Diseases 

that will be influenced by these outcomes include cystic fibrosis and chronic wounds or 

infections. Interestingly, when CF patients progress in disease stage, their airway microbial 

communities become dominated by a pathogen, yet the progression and shift towards pathogen 

dominance and change in community structure remains unknown. Additionally, while clinicians 

rely on physical metrics of pulmonary exacerbations, such as increased inflammation and 

decreased lung function to administer treatment, predictors of CFPE are largely unknown. 

Applying microbial ecology, biochemistry, and genomics to study these systems will give us a 

better understanding on how to predict indicators of clinical state progression for better targeted 

therapeutics.  
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GOALS AND SCOPE OF THIS DISSERTATION 

 

 This dissertation characterizes the metabolites and microbiome associated with cystic 

fibrosis (Aim 1) and determines the impact of the metabolites on the surrounding microbial 

community in (Aim 2). Tracking microbial metabolites in a polymicrobial infection will not only 

give insight into community physiology and how it will affect the host, but also can serve as 

indicators of what microbes are present in an infection. 

 

Aim 1: To identify microbial metabolites as biomarkers of disease progression and 

bacterial colonization (Chapters 1 and 4).  

Microbial metabolites have often been characterized in monocultures, but it is much more 

difficult to determine the origin of microbial metabolites in complex clinical samples. In 

addition, there are a limited number of studies where the microbiome from adult CF patients 

have been longitudinally characterized with multi-‘omics techniques (6, 24–27). In Appendix A, 

metagenomic mining of genes involved in the production of the volatile molecules indicated 

Stretococcus and Rothia have the genetic potential to produce volatiles acetaldehyde, ethanol, 

and acetic acid (Appendix A). In Chapter 1, I used 13C labeling to track active production of 

volatiles from microbes. We identified the active production of volatile molecules, 2,3-

butanedione, acetaldehyde, and ethanol by oral microbes S. salivarius and R. mucilaginosa. 

These results indicate that these microbes have the potential to produce the volatile molecules in 

the CF airways. In Chapter 4, our data demonstrate that the metabolic signatures identified in the 

sputum of CF patients are highly individualistic. Even multiple exacerbation events from the 

same individual share few distinguishing metabolites.  
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Aim 2: Dissect the impact of microbial metabolites and antimicrobials on the physiology of 

neighboring microbes (Chapters 2 and 3).  

As microbes experience constant metabolic stimuli from their environment, it is 

important to understand how community physiology is shaped by native and external 

metabolites. Microbial metabolites produced by members of a polymicrobial community, or even 

distant to the community, will have profound influence on the metabolism and antibiotic 

sensitivity on the dominant pathogen in an infection. In Chapter 2, I performed an in vitro 

transcriptomics experiment exposing Pseudomonas aeruginosa to microbial fermentation 

products and identified changes in gene expression in iron metabolism, membrane transport, 

motility and chemotaxis, and other gene ontologies. These results indicate that the microbial 

metabolites produced in the CF airways may have profound impacts on the prominent microbial 

pathogens. In Chapter 3, because microbes exist as a consortium rather than as isolated 

individual species in an environment, I developed a perfused meat model that supports the 

growth of a multispecies community. I exposed the microbial community to antimicrobial 

species and measured the growth and metabolisms of the community. Results indicated that 

pathogens dominate in the presence of community members when exposed to antibiotics and 

reactive oxygen species.  
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CHAPTER 1: 

 
Stable isotope profiles reveal active production of VOCs from human-associated microbes 

 
Authors: Joann Phan*, Simone Meinardi*, Barbara Barletta, Don Blake, and Katrine Whiteson 
*J.P. and S.M. contributed equally to this work 
 

ABSTRACT 

 
Volatile organic compounds (VOCs) measured from exhaled breath have great promise 

for the diagnosis of bacterial infections. However, determining human or microbial origin of 

VOCs detected in breath remains a great challenge. For example, the microbial fermentation 

product 2,3-butanedione was recently found in the breath of CF patients; parallel culture-

independent metagenomic sequencing of the same samples revealed that Streptococcus and 

Rothia spp. have the genetic capacity to produce 2,3-butanedione. To investigate whether the 

genetic capacity found in metagenomes translates to bacterial production of a VOC of interest 

such as 2,3-butanedione, we fed stable isotopes to three bacterial strains isolated from Cystic 

Fibrosis (CF) patients: two Gram-positive bacteria, Rothia mucilaginosa and Streptococcus 

salivarius, and a dominant opportunistic Gram-negative pathogen, Pseudomonas aeruginosa. 

Culture headspaces were collected and analyzed using a gas chromatographic system to quantify 

the abundance of VOCs of interest; mass spectroscopy was used to determine whether the stable 

isotope label had been incorporated. Our results show that R. mucilaginosa and S. salivarius 

consumed D-Glucose-13C6 to produce labeled 2,3-butanedione. R. mucilaginosa and S. salivarius 

also produced labeled acetaldehyde and ethanol when grown with 2H2O. Additionally, we find 

that P. aeruginosa growth and dimethyl sulfide production are increased when exposed to lactic 

acid in culture. These results highlight the importance VOCs produced by P. aeruginosa, R. 
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mucilaginosa, and S. salivarius as nutrients and signals in microbial communities, and as 

potential biomarkers in a CF infection.  

 
INTRODUCTION 

 
Breath metabolites have incredible potential to serve as non-invasive diagnostics of 

bacterial infection and other diseases, but the origins of the metabolites are often unknown. 

Microbes contribute significantly to the complex mix of molecules present in the human body. 

An average human likely contains >200,000 metabolites, and half or more of them are produced 

by or altered by the microbes that reside in and on humans 12–14. Furthermore, most of the genes 

that distinguish one person from another are encoded by the microbial community that inhabits 

each person; human-associated microbes encode at least an order of magnitude more genes than 

the human genome 15. A very early attempt to profile breath and urine metabolites by Linus 

Pauling at Caltech in 1971 showed that starving the gut microbes led to more consistent breath 

and urine profiles across study participants 16. More recent studies have sampled breath VOCs to 

diagnose or detect bacterial infections in pneumonia 17 and tuberculosis 18.  

Some of the metabolites produced by human-associated microbes are volatile, have the 

capacity to travel and affect the physiology of neighboring microbial and human cells, and can 

be captured by breath sampling 19,20. For example, 2,3-butanedione was detected in the breath of 

Cystic Fibrosis (CF) patients 3. One challenge in identifying the cellular origin of volatile organic 

compounds (VOCs) is determining whether the metabolites are produced by microbial or human 

cells. Humans and bacteria share several fundamental pathways and have the ability to produce 

many of the same volatile molecules, such as isoprene and acetone, the two most abundant 

VOCs detected in breath 21–23. In the case of 2,3-butanedione, a subset of microbes encode the 

enzymes from this fermentation pathway, however 2,3-butanedione is not known to be a product 
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of human metabolism. Parallel metagenomic sequencing from CF patients with 2,3-butanedione 

in their breath showed Streptococcus and Rothia spp. contain the acetoin pathway genes leading 

to the production of 2,3-butanedione 3. A similar companion study also produced in this special 

issue of the Journal of Breath Research shows the taxonomy of microbial genes responsible for 

the production of acetaldehyde and ethanol (Bos et al., 2016). To determine whether 2,3-

butanedione and other volatile molecules of interest such as acetaldehyde and ethanol are 

actively produced by bacterial isolates from CF patients, we employed the use of labeled stable 

isotopes fed to in vitro cultures to track bacterial metabolism.  

This study focuses on several bacterial isolates from CF patients that are often found in 

the airways when the natural lung clearance mechanisms are impaired. Therefore, the molecules 

that are produced by these bacteria are potentially relevant for CF, Chronic Obstructive 

Pulmonary Disorder (COPD), and pneumonia. CF patients’ lungs are chronically infected with 

opportunistic pathogens that significantly alter the health and physiology of the patient. Different 

types of infections can lead to varying patient outcomes 24,25. Among the most dominant bacteria 

are Pseudomonas aeruginosa, Burkholderia species, Staphylococcus aureus, Stenotrophomonas 

maltophilia, and Streptococcus pneumoniae (Table 1). Rothia mucilaginosa has also been found 

to be a dominant strain in culture-independent studies of CF airway microbial communities 26, 

and is highly abundant in CF sputum samples 27–29. 

Our goal was to track microbial production of VOCs in clinically relevant CF bacteria. 

Specifically, we were interested in P. aeruginosa, R. mucilaginosa, and Streptococcus salivarius. 

P. aeruginosa is a widespread opportunistic pathogen in CF which becomes more dominant 

through time in decades-long chronic CF infections. The recent detection of 2,3-butanedione in 

the breath of CF patients, along with the genes necessary for acetoin metabolism from 
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metagenomic sequencing of the same samples 3, motivated us to see if we could verify that CF 

isolates are indeed producing 2,3-butanedione. Analysis of culture-independent metagenomic 

sequence reads from CF sputum showed that R. mucilaginosa and a variety of Streptococcus spp. 

encode genes involved in the production of 2,3-butanedione 3, which induces virulence in P. 

aeruginosa 3,30,31 and has also been found to be present in the breath of CF patients 3. R. 

mucilaginosa is an abundant and understudied bacteria common in all human oral-microbial 

communities, including CF sputum, and it is known to produce the toxic volatile acetaldehyde 

(Table 1) 32. Streptococcus spp. are also common in all human oral microbial communities. A 

large fraction of the metagenomic reads - 25 to 85% - of reads that map to the 2,3-butanedione 

pathway originated from Streptococcus 3. The sequences from CF sputum mapped equally well 

to several strains of Streptococcus spp., including S. parasanguinus, S. salivarius and S. 

pneumonia. We included a strain of S. salivarius cultured from a CF patient which is genetically 

capable of producing 2,3-butanedione based on genome sequence data. 

To track VOCs produced by microbial metabolism, we used stable isotopes (D-Glucose-

13C6 and 2H2O), sampled headspaces of in vitro cultures, and analyzed these headspace samples 

using a gas chromatography multi column/detector system. Although metagenomic evidence 

suggests that Streptococcus spp. and R. mucilaginosa may produce 2,3-butanedione 3, this study 

used stable isotopes to confirm its production by CF isolates. We also set up cultures of a clinical 

isolate of P. aeruginosa to study VOC production with and without 2,3-butanediol and other 

physiologically relevant products of S. salivarius and R. mucilaginosa. Future investigation for 

optimal P. aeruginosa growth conditions in supernatants from other bacteria is one of our goals 

in understanding how P. aeruginosa is affected by the neighboring CF community.  
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The airways of people with CF have a lower pH than healthy airways, and immediately 

prior to a pulmonary exacerbation event, the pH drops even lower 33–36. To investigate the effect 

of low pH on our clinical isolates, our experimental conditions also involved the use of lactic 

acid or buffer to adjust the media pH. In summary, results show that levels of 2,3-butanedione, 

acetaldehyde, and dimethyl sulfide are increased when the pH is decreased and these signatures 

can be used to distinguish the metabolisms of P. aeruginosa, R. mucilaginosa, and S. salivarius.   

 
MATERIALS AND METHODS 

 
Bacterial strains and growth conditions. 

 

The bacterial strains chosen for this study were isolated from CF patients at the UCSD 

Adult CF Clinic: Pseudomonas aeruginosa PaFLR01, Rothia mucilaginosa RmFLR01, and 

Streptococcus salivarius SsFLR02. Strains were grown at 37°C for 24 hours in Todd Hewitt 

(TH) broth (BD Bacto, Fisher Scientific). From the 24 hour cultures, triplicate OD500 0.05 

cultures were started in TH broth with 30 mM D-Glucose-13C6 (Sigma-Aldrich and Cambridge 

Isotope Laboratory), unless otherwise noted. Some conditions involve the addition of 30% 2H2O 

(Sigma-Aldrich) or 100 mM pH 6.5 potassium phosphate buffer (Fisher Scientific). We used 

OD500 to measure cell densities, instead of OD600 that is traditionally used, because P. 

aeruginosa strain PaFLR01 produces pyocyanin, a colorful phenazine that absorbs at 691 nm. 

 
P. aeruginosa pyocyanin measurement.  

 

At the end of each experiment, P. aeruginosa cultures were centrifuged to pellet cells and 

supernatants were collected to read absorbance measurements at 691 nm with a 

spectrophotometer. 

 

Headspace gas capture and gas chromatography.  
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A modified bioreactor and a gas chromatographic (GC) system were used for headspace 

gas collection and VOC analysis 37,38. In particular, replicates of three individual glass culture 

tubes were placed in the bulb of the bioreactor (Figure 1(a)) and, in order to replace any 

laboratory air, the reactor was flushed for 6 minutes at 1.5 l/min with ultra clean air collected at 

10,000 feet at the Crooked Creek Research station in White Mountain (California). After 

flushing, the bioreactor was incubated at 37°C for 48 hours statically and the headspace was 

collected and analyzed using a GC system as described in previous works 3,37–39. Briefly, 260 ml 

of sample was cryogenically pre-concentrated in a stainless steel loop filled with glass beads. 

The sample was re-vaporized using hot water (at approximately 80°C) and split into five streams 

directed to a multi-column/detector gas chromatographic (GC) system (all Hewlett Packard 

6890) using UHP helium as carrier gas. The system consists of three Hewlett-Packard 6890 GC 

units. The first GC is equipped with two different column combinations output to an electron 

capture detector (ECD) and an FID; the second GC is output to an FID; and the third GC is 

equipped with two different column combinations and output to a quadrupole mass spectrometer 

detector working in selected ion monitoring (SIM) mode, and an ECD. The MSD is set to 

operate in selected ion monitoring (SIM) mode and scan mode simultaneously.  

The different VOCs are expressed in part per trillion by volume (pptv). The average from 

the triplicate samples and a one-tailed student’s t-test was used to identify VOCs that were 

significantly elevated compared to the media control.  

 
Genome annotation. 
 

P. aeruginosa and S. salivarius genomes were sequenced on the Illumina MiSeq platform 

at San Diego State University. R. mucilaginosa was sequenced on the Illumina MiSeq platform 
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at microbesNG at the University of Birmingham. All sequenced genomes were uploaded onto 

RAST for annotation. 

 

Experimental design.  

 

Figure 1 displays the conditions of the experiment. All conditions were tested as 

biological triplicates in 2 ml volumes for 48 hours, static. The media control included three 

conditions: TH broth with 2H2O, TH broth with D-Glucose-13C6, and TH with both 2H2O and D-

Glucose-13C6. The P. aeruginosa control included two conditions: P. aeruginosa grown in TH 

with 2H2O or TH with D-Glucose-13C6 and pyruvate. The R. mucilaginosa and S. salivarius 

controls included each strain grown in TH with 2H2O and D-Glucose-13C6 (Panel I). P. 

aeruginosa was cultured in TH with the addition three metabolites: 20 mM 2,3-butanedione, 20 

mM lactic acid, and 30 mM pyruvate (Panel II). We collected R. mucilaginosa and S. salivarius 

supernatants to perform cross-feeding experiments with P. aeruginosa, but P. aeruginosa did not 

grow. Therefore, we excluded that portion of the data set, but still kept the supernatants (Panel 

III) because the strains were cultured with a single labeled isotope, D-Glucose-13C6.  

CFC-11 is consistent across all samples: Trichlorofluoromethane (CFC-11) is a VOC we 

do not expect to see produced by our strains and is constant across all samples (Supplementary 

Figure 2). Therefore, CFC-11 is a good negative control for the GC system.  

 
RESULTS AND DISCUSSION 

 
Production of 2,3-butanedione, acetaldehyde, and ethanol  

 
2,3-butanedione, acetaldehyde, and ethanol are fermentation products derived from 

pyruvate metabolism (Figure 2). As part of glycolysis, glucose is converted to pyruvate. 

Following pyruvate metabolism, pyruvate can either be converted to acetolactate or acetaldehyde 
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by the enzymes acetolactate synthase (BudB, E.C. 2.2.1.6) or pyruvate decarboxylase (Pdc, E.C. 

4.1.1.1), respectively (Figure 2). Acetolactate is then broken down to 2,3-butanedione and 

acetoin by the enzyme BudA (E.C. 4.1.1.5; Figure 2). Acetaldehyde can be converted to ethanol 

by alcohol dehydrogenase (ADH, E.C. 1.1.1.1; Figure 2); the reaction is reversible. By using D-

Glucose-13C6, we expect to see labeled VOCs derived from pyruvate metabolism, specifically 

2,3-butanedione, acetaldehyde, and ethanol. We expect R. mucilaginosa and S. salivarius to 

consume glucose, but glucose is not a preferred carbon source for P. aeruginosa, so we included 

2H2O in our experiments in order to track active P. aeruginosa metabolism.  

When R. mucilaginosa and S. salivarius consume D-Glucose-13C6, our data show that 13C 

was incorporated into 2,3-butanedione. We attribute labeled 2,3-butanedione to R. mucilaginosa 

and S. salivarius metabolism because while there was unlabeled 2,3-butanedione in the media 

and P. aeruginosa controls, 13C was only incorporated when D-Glucose-13C6 was metabolized by 

R. mucilaginosa, and S. salivarius (Figure 3(a)). Genetic evidence also supports these findings. 

P. aeruginosa, R. mucilaginosa, and S. salivarius have the genetic capability to convert pyruvate 

to acetolactate by BudB (E.C. 2.2.1.6) (Figure 2). Only R. mucilaginosa and S. salivarius have 

the genetic capacity to convert acetolactate to 2,3-butanedione and acetoin through BudA (E.C. 

4.1.1.5) (Figure 2).  

Through fermentation, pyruvate can be converted to acetaldehyde by pyruvate 

decarboxylase (Pdc, E.C. 4.1.1.1; Figure 2). An example of an in vitro study of milk 

fermentation demonstrated through use of labeled isotopes that Streptococcus thermophilus was 

able to convert 13C-glucose to acetaldehyde 40. Surprisingly, while the CF isolates of R. 

mucilaginosa and S. salivarius produced acetaldehyde and ethanol, the cultures grown with D-

Glucose-13C6 did not lead to production of 13C-labelled acetaldehyde or ethanol (shaded areas of 
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Figure 3(b-c)). When R. mucilaginosa and S. salivarius are cultured in media with 2H2O, both 

acetaldehyde and ethanol are labeled (unshaded areas of Figure 3(b-c)). P. aeruginosa cultures 

did not produce any of the fermentation products shown in Figure 3 in levels higher than the 

media controls. Labeled acetaldehyde was also detected in the media control when 2H2O was 

present. We expected deuterium incorporation into acetaldehyde to depend on bacterial enzymes. 

However, acetaldehyde is a weak acid, and in the presence of base in the media the deuterium 

exchange with the alpha carbons of acetaldehyde could occur.  

Acetaldehyde production may rely on acetate, acetyl-CoA, pyruvate, L-threonine, 

ethanol, or 2-deoxyribose-5-phosphate 40. Our results suggest that acetaldehyde and ethanol 

production bypass glucose. Although both R. mucilaginosa and S. salivarius have the capacity to 

convert glucose to pyruvate, RAST annotations of the two strains suggest they do not have the 

genetic capability to convert pyruvate to acetaldehyde by pyruvate decarboxylase (E.C. 4.1.1.1; 

Figure 2). Because the acetaldehyde and ethanol we detected in R. mucilaginosa and S. 

salivarius cultures are labeled in the presence of 2H2O but not D-Glucose-13C6, they may share a 

common pathway that involves the hydrolysis of 2H2O.  

Based on genome annotations (Figure 2), P. aeruginosa, R. mucilaginosa, and S. 

salivarius are genetically capable of converting ethanol to acetaldehyde by alcohol 

dehydrogenase (E.C. 1.1.1.1) (Figure 2). S. salivarius is also genetically capable of converting 

acetyl-CoA to acetaldehyde by acetaldehyde dehydrogenase (E.C. 1.2.1.10) (Figure 2). P. 

aeruginosa has the genetic capability to convert acetate or acetyl-CoA to acetaldehyde through 

enzymes aldehyde dehydrogenase (E.C. 1.2.1.3) and acetaldehyde dehydrogenase (E.C. 

1.2.1.10), respectively (Figure 2). However, the culturing conditions did not lead P. aeruginosa 
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to produce significant levels of acetaldehyde compared to R. mucilaginosa or S. salivarius, and 

acetaldehyde and ethanol were not labelled in the presence of 2H2O in the P. aeruginosa cultures.  

Decreasing the pH of TH broth to pH 6.5 by adding 100 mM potassium phosphate 

(Figure 3) led to an increase in growth and an even greater increase in the production of 13C 

labeled 2,3-butanedione and unlabeled acetaldehyde by R. mucilaginosa (Figure 3(a-b); O.D.600 

of unbuffered cultures reached 0.73-0.76 while the O.D.600  of the pH 6.5 culture reached 2.48-

2.55). S. salivarius, on the other hand, showed higher 2,3-butanedione production in unbuffered 

media compared to buffered pH 6.5 media. To verify the presence and measure the 

concentrations of 2,3-butandione in our samples, Voges-Proskauer assays were performed on 

supernatants (Supplementary Figure 1). The results were consistent with our gas chromatography 

findings, in that we detected high levels of 2,3-butanedione in the R. mucilaginosa supernatant 

(Figure 3(a) and Supplementary Figure 1).  

Some limitations of studying pH dependent microbial physiology include the additional 

nutrients provided by the buffer (i.e., perhaps the phosphate buffer provides phosphate which 

boosts growth); buffered media may also eradicate micro-gradients relevant in the CF lung. For 

example, R. mucilaginosa produced more 2,3-butanedione in buffered pH 6.5 media while S. 

salivarius produced more when grown in unbuffered media. S. salivarius cultured in unbuffered 

media may include micro-gradients that are even more acidic than the buffered pH 6.5 media. 

Early dairy literature demonstrated that as pH becomes more acidic, Streptococci produce a 

higher yield of 2,3-butanedione (diacetyl) 41. Without the restriction of a buffered environment, 

S. salivarius has the ability to further decrease the pH of its micro-environment. Therefore, the 

local pH may be much lower in an unbuffered condition than the buffered pH 6.5 media, driving 

the physiology of a subpopulation of cells. While buffers are useful to control the pH, especially 



 

 

18

for bulk measurements of VOCs like those presented here, future studies using pH sensitive dyes 

and imaging may allow observation of the local spatial structure of interactions.  

 

P. aeruginosa physiology is affected by exposure to microbial metabolites 

 

P. aeruginosa is a dominant opportunistic pathogen in CF and for this reason, to 

understand the polymicrobial community dynamics, it is essential to investigate its role and 

interactions with other bacteria and their metabolites. When P. aeruginosa was exposed to 2,3-

butanediol, lactic acid, and pyruvate in TH broth, not only did we detect production of dimethyl 

sulfide (DMS; Figure 4(a)) production, we also detected production of pyocyanin in the culture 

(Figure 4(b)). DMS is a VOC that is well studied in the marine food web and is important in 

environmental sciences 42,43; DMS has also been detected in the breath of CF patients 

(Kamboures et al., 2005), and P. aeruginosa has been shown to produce DMS and stimulate the 

growth of Aspergilles (Briard et al., 2016). The stable isotope labelled substrates (2H2O and D-

Glucose-13C6) did not lead to label incorporation into DMS, potentially because glucose is not a 

preferred carbon source for P. aeruginosa, and DMS production may not depend on 2H2O 

exchange.  

Pyocyanin is an active redox phenazine produced by P. aeruginosa and found in the 

lungs of CF patients 44–46. Interestingly, DMS, pyocyanin production, and growth are higher 

when P. aeruginosa is cultured with 20 mM lactic acid (Figure 4(a-b)). Lactic acid both lowers 

pH and is a preferred carbon source for P. aeruginosa, which could lead to better growth and 

therefore increased production of DMS, pyocyanin and other metabolic products. In our 

conditions, neither R. mucilaginosa nor S. salivarius produce DMS. As such, we find that among 

our strains, DMS production is unique to P. aeruginosa.  
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Production of acetone and isoprene 

 
Acetone and isoprene are the two most abundant VOCs detected in breath and can be 

produced by either human or bacterial cells. In our study, we find that acetone was detected as a 

labeled volatile in each of the media controls and experimental conditions where 2H2O was 

present (Figure 5(a)). Therefore, the production of acetone cannot be attributed to any of the 

strains because of its presence in the media controls. The use of 2H2O is not a reliable method for 

identifying metabolic production of acetone and potentially other VOCs including butanal, 2-

methylpropanal, 3-methylbutanal, 2-methylbutanal, and 2-butanone (data not shown) because the 

deuterium from the heavy water may be exchanging with hydrogens in the media.  

Isoprene levels were higher in both P. aeruginosa and R. mucilaginosa cultures, and it 

was labeled when P. aeruginosa and R. mucilaginosa were cultured in media with 2H2O (Figure 

5(b)).  Labeled isoprene was not detected in the media controls or in P. aeruginosa cultures 

lacking 2H2O, suggesting that label incorporation was due to bacterial metabolism. It is not clear 

why isoprene levels were sometimes lower in R. mucilaginosa and S. salivarius cultures. P. 

aeruginosa, R. mucilaginosa, and S. salivarius share genes in the isoprenoid biosynthesis 

pathway, farnesyl diphosphate synthase (E.C. 2.5.1.10) and geranylgeranyl pyrophosphate 

synthetase (E.C. 2.5.1.29). P. aeruginosa also has several other genes involved in the isoprenoid 

pathway, but neither P. aeruginosa nor R. mucilaginosa have isoprene synthase (IspS, E.C. 

4.2.3.27), the gene required to convert dimethylallyl diphosphate (DMAPP) to isoprene. There 

may be other mechanisms or pathways that allow P. aeruginosa and R. mucilaginosa to produce 

isoprene. Other bacteria that have been shown to produce isoprene are Bacillus subtilis 47,48 and 

Escherichia coli 49,50. Although isoprene was detected as labeled in R. mucilaginosa control 
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cultures, it was not detected in the supernatants. Further investigation is needed to understand the 

role of microbial metabolism in isoprene production.  

 
CONCLUSIONS 

 
Analysis of VOCs in breath often leads to the detection of molecules that could be of 

human or microbial origin. Our microbial culture experiments using stable isotope labelled 

substrates demonstrate that microbial metabolism is responsible for the production of several 

VOCs found in breath, including 2,3-butanedione, acetaldehyde, ethanol, and isoprene. GC 

analysis and Voges-Proskauer test results have confirmed that clinical isolates R. mucilaginosa 

and S. salivarius produce 2,3-butanedione, which has previously been supported by 

metagenomics data 3. Acetaldehyde is an important molecule for human health because it is a 

toxic carcinogenic molecule that is produced by members of the oral microbial community. 

Although it can be derived from pyruvate, acetaldehyde production can start from other 

substrates, including acetyl-CoA, acetate, 2-deoxyribose-5-phosphate, ethanol, and L-threonine 

40. We found that our P. aeruginosa strain produced DMS, which is more abundant when P. 

aeruginosa is cultured in TH supplemented with lactic acid. Finally, we found that labeled 

isoprene was produced by P. aeruginosa and R. mucilaginosa. Isoprene is one of the most 

abundant VOCs detected in breath, but when compared to other studies that measure 

concentrations of isoprene, our strains produced much less than what has been detected in breath 

51,52. This approach is promising for teasing apart the interactions that affect breath VOC 

production in human-associated microbial communities. For example, future studies that involve 

feeding stable isotope labeled substrates to one type of bacteria, and cross-feeding the metabolic 

products to another bacteria, could help us understand metabolic interdependencies and their 

VOC signatures in polymicrobial infections. As noninvasive diagnoses are being developed, 
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identifying the contributing bacteria of an infection in CF is ideal for employing more specific 

and timely treatments. Lab results may take several days while results from breath samples can 

be instantaneous. Studies focused on the microbial origin of volatile molecules are critical for 

using breath data for earlier diagnosis and targeted treatments of infections.  
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Table 1.1 Ten top microbes in the CF airway and the VOCs they produce. 
 

Microbe VOCs Supporting Literature 

Pseudomonas 

aeruginosa 

2-butanone, 2-aminoacetophenone, 
dimethylsulfide, and hydrogen 
cyanide 

Preti et al. 2009 53, Smith et 
al. 2013 54, Scott-Thomas et 
al. 2010 55 

Streptococcus 

pneumoniae 

Benzaldehyde, benzylalcohol, acetic 
acid, and acetaldehyde 

Preti et al. 2009 53, Filipiak et 
al. 2012 56 

Staphylococcus 

aureus 

Isovaleric acid, 2-methylbutyric acid, 
and isobutyric acid 

Preti et al. 2009 53 

Rothia mucilaginosa Acetaldehyde  Moritani et al. 2015 32 
Veillonella Propionic acid, acetic acid, and 

isovaleric acid 
Dumont, Magloire, and 
Benay 1978 57 

Prevotella Acetic and succinic acids Downes et al. 2007 58 
Haemophilus 

influenza 

Indole, benzaldehyde, acetic acid, 
and benzylalcohol 

Preti et al. 2009 53, Filipiak et 
al. 2012 56 

Stenotrophomonas 

maltophilia 

Methylpyrazine, dimethylpyrazine, 
acetophenone, and caprolactam 

Preti et al. 2009 53 
 

Burkholderia spp. Acetic acid, dimethyl disulfide, and 
methylcyclohexane 

Tenorio-Salgado et al. 2013 
59  

Granulicatella N/A N/A 
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Figure 1.1 Experimental design. (a) The bulb that holds triplicate glass vials for each 
experimental condition. The duration of the experiment is 48 hours and cultures are kept static. 
(b) The volume in each glass vial is 2 ml. Panel 1 is a simplified representation of our 
experiment controls. There are three media controls: Todd Hewitt (TH) broth with 30% 2H20, TH 
with 30 mM D-Glucose-13C6, and TH with 30% 2H20 and 30 mM D-Glucose-13C6. For the Pa 
control, we grew P. aeruginosa in TH with 30% 2H20. For the Rm and Ss controls, we grew each 
strain in TH with 30% 2H20 and 30 mM D-Glucose-13C6. Panel II is an experiment set where we 
cultured P. aeruginosa with three metabolites: 2,3-butanediol, lactic acid, and pyruvate. When P. 

aeruginosa was cultured with 2,3-butanediol and lactic acid, TH and 30% 2H20 media was used. 
With pyruvate, TH and D-Glucose-13C6 was used as media. Panel III represents the supernatants 
from R. mucilaginosa and S. salivarius. We have supernatants from unbuffered and buffered pH 
6.5 TH media. Pa = P. aeruginosa; Ss = S. salivarius; Rm = R. mucilaginosa. 
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Figure Legend

Pa - P. aeruginosa

Rm - R. mucilaginosa

Ss - S. salivarius 

Bdl - 20 mM 2,3-butanediol

La - 20 mM lactic acid

Pyr - 30 mM pyruvate
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Figure 1.2 A simplified schematic of the pyruvate metabolism. In red are the strains that have 
the listed genes in their genome. Pa = P. aeruginosa; Ss = S. salivarius; Rm = R. mucilaginosa. 
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Figure 1.3 2,3-Butanedione, acetaldehyde, and ethanol production. (a) 2,3-butanedione, (b) 
acetaldehyde, and (c) ethanol unlabeled and labeled concentrations in ppt. Media = average 
values of three media controls; Pa = P. aeruginosa; Rm = Rothia mucilaginosa; Rm sup = spent 
medium from Rothia mucilaginosa after 48 hours of growth in TH broth supplemented with D-
Glucose-13C6; Ss = S. salivarius; Ss sup = spent medium from Streptococcus salivarius after 24 
hours of growth in TH broth supplemented with D-Glucose-13C6. Error bars represent standard 
deviation from the mean. Shaded box represents conditions where only a single labeled isotope 
was used – D-Glucose-13C6. Unshaded areas display samples that were grown in the presence of 
30% 2H2O and D-Glucose-13C6.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

25

 
Figure 1.4 P. aeruginosa (a) DMS and (b) pyocyanin production and (c) final optical density 
reading. Pa = P. aeruginosa; Pa + bdl = P. aeruginosa cultured in TH broth supplemented with 
20 mM 2,3-butanediol; Pa + pyr = P. aeruginosa cultured in TH broth supplemented with 30 
mM D-Glucose-13C6 and 30 mM pyruvate; Pa + la = P. aeruginosa cultured in TH broth 
supplemented with 20 mM lactic acid. Error bars represent standard deviation from the mean.  
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Figure 1.5 Acetone and isoprene production. (a) Acetone and (b) isoprene unlabeled and labeled 
concentrations in ppt. Media = average values of three media controls; Pa = P. aeruginosa; Rm = 
R. mucilaginosa; Rm sup = spent medium from R. mucilaginosa after 48 hours of growth in TH 
broth supplemented with 30 mM D-Glucose-13C6; Ss = S. salivarius; Ss sup = spent medium 
from S. salivarius after 24 hours of growth in TH broth supplemented with 30 mM D-Glucose-
13C6. Error bars represent standard deviation from the mean. Shaded box represents conditions 
where 30 mM D-Glucose-13C6 was used. Unshaded areas display samples that were grown in the 
presence of 30% 2H2O or 30% 2H2O and 30 mM D-Glucose-13C6.  
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Figure S1.1 Voges-Proskauer (VP) assay. This is a colorimetric assay performed to measure 2,3-
butanedione concentrations. Rm = R. mucilaginosa; Rm sup = spent medium from R. 

mucilaginosa cultures after 48 hours of growth in TH broth supplemented with 30 mM D-
Glucose-13C6; Ss = S. salivarius; Ss sup = spent medium from S. salivarius cultures after 24 
hours of growth in TH broth supplemented with 30 mM D-Glucose-13C6. Error bars represent 
standard deviation from the mean.  
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Figure S1.2 Chlorofluorocarbon (CFC-11) is a negative control. Pa = P. aeruginosa; Rm = R. 

mucilaginosa; Rm sup = spent medium from R. mucilaginosa after 48 hours of growth in TH 
broth supplemented with D-Glucose-13C6; Ss = S. salivarius; Ss sup = spent medium from S. 

salivarius after 24 hours of growth in TH broth supplemented with 30 mM D-Glucose-13C6. Bdl 
= 20 mM 2,3-butanediol; Glu = 30 mM D-Glucose-13C6; Pyr = 30 mM pyruvate; La = 20 mM 
lactic acid. Error bars represent standard deviation from the mean. 
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Figure S1.3 Examples of spectra from unlabeled and labeled 2,3-butanedione. (a) Unlabeled 2,3-
butanedione originating from the Todd Hewitt media in a culture of P. aeruginosa, which does 
not produce significant 2,3-butanedione, and (b) Labeled 2,3-butanedione from an R. 

mucilaginosa culture.  
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CHAPTER 2: 

 

Fermentation products in the cystic fibrosis airways induce aggregation and dormancy-

associated expression profiles in a CF clinical isolate of Pseudomonas aeruginosa 

 
Authors: Joann Phan, Tara Gallagher, Andrew Oliver, Whitney England, Katrine Whiteson 
 

ABSTRACT 

 
 Pseudomonas aeruginosa is a well-known dominant opportunistic pathogen in cystic 

fibrosis (CF) with a wide range of metabolic capacities. However, P. aeruginosa does not 

colonize the airways alone, and benefits from the metabolic products of neighboring cells – 

especially volatile molecules that can travel between different parts of the airways easily. Here, 

we present a study that investigates the metabolic, gene expression profiles, and phenotypic 

responses of a P. aeruginosa clinical isolate to fermentation products lactic acid and 2,3-

butanediol, metabolites that are produced by facultative anaerobic members of the CF 

polymicrobial community and potential biomarkers of disease progression. Although previous 

studies have successfully investigated the metabolic and transcriptional profiles of P. 

aeruginosa, most have used common lab reference strains that may differ in important ways 

from clinical isolates. Using transcriptomics and metabolomics with gas chromatography time of 

flight mass spectrometry (GCTOF-MS), we observe that fermentation products induce 

pyocyanin production along with expression of genes involved in P. aeruginosa amino acid 

utilization, dormancy and aggregative or biofilm modes of growth. These findings have 

important implications for how interactions within the diverse CF microbial community 

influence microbial physiology, with potential clinical consequences.  

 
INTRODUCTION 
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Polymicrobial communities inhabiting the airways of cystic fibrosis (CF) patients carry 

out diverse metabolisms, producing metabolites that impact both microbial and human cell 

physiology. Airway infection and inflammation are the primary cause of disease progression in 

CF.  However, basic questions remain about microbial involvement in CF pulmonary 

exacerbations (CFPE), the acute but difficult to define periods of worsened lung function that 

lead to irreversible lung damage. In addition to well-known gram-negative pathogens such as 

Pseudomonas aeruginosa, fermenting bacteria such as Rothia mucilaginosa and Streptococcus 

spp. that produce lactic acid and 2,3-butanedione 3,60, also inhabit the airways. We are interested 

in identifying the physiological response of P. aeruginosa to ubiquitous metabolites from the pH 

neutral fermentation 2,3-butanediol pathway which is distinct to a subset of bacteria along with 

lactic acid which can be from human or microbial metabolism. We hypothesize that these 

fermentation products influence P. aeruginosa physiology, driving growth rates, expression and 

metabolic profiles in in clinically relevant ways, reflecting a chronic infection in CF. 

Heterogeneous biochemical conditions in the dense mucus layer lining the CF airways 

consists of steep gradients of pH, oxygen, and metabolites that are created by microbial 

community niches 61,62. Typical microbial residents of the oral cavity including several 

anaerobes, Streptococcus spp. and R. mucilaginosa have access to the lung and airways as well, 

priming the environment for Gram-negative opportunistic pathogens to colonize 63–65. In mucin-

rich environments such as the CF airway, Pseudomonas is unable to catabolize mucins as a 

carbon source. However oral microbes efficiently degrade mucins to produce amino acids and 

short chain fatty acids that stimulate the growth of P. aeruginosa 63. In these cases, interspecies 

interactions are necessary for survival and colonization.  
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Interspecies interactions in the CF airway may be driven by microbial metabolites, 

especially small volatile molecules that can travel throughout the airways easily and result in the 

altered microbial physiology or increased pathogenicity. One outcome of cross-feeding between 

fermenters and P. aeruginosa is the enhanced production of redox-active and toxic products by 

P. aeruginosa. For example, the pH neutral fermentation product 2,3-butanediol increases P. 

aeruginosa virulence, pyocyanin production, biofilm formation in vitro, and promotes P. 

aeruginosa lung colonization and inflammation in a mouse model 31,66. Pyocyanin is traditionally 

thought of as an antagonistic compound used to elicit oxidative stress in competing microbes and 

host cells. The redox nature of pyocyanin suggests this molecule may also play a role in primary 

metabolism as an alternative electron acceptor for P. aeruginosa in low oxygen environments 45. 

As pyocyanin is associated with increased inflammation and worsening function in CF airways 

44, metabolites that induce pyocyanin production in P. aeruginosa could act as indicators or 

triggers of CFPE.  

Observed increases in levels of 2,3-butanedione and lactic acid during CFPE underscores 

the importance of understanding the effect of fermentation on the microbial community in the CF 

airways. Lactic acid concentration has been shown to significantly increase in patients with pre-

acute pulmonary exacerbations and significantly decrease after 2-3 weeks of intravenous 

antibiotics (Bensel et al., 2011; Zang et al., 2017). Twomey et al. detected increased levels of 

lactate in patients experiencing exacerbations compared to stable patients 11. 2,3-butanedione, 

produced in the same pathway as 2,3-butanediol, is increased in the breath of CF patients 

compared to healthy individuals 3. After antibiotic administration for CFPE, 2,3-butanedione 

decreased in concentration, indicating an association between successful treatment of CFPE and 

a decrease in 2,3-butanedione 3.  
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Many Pseudomonas studies use model lab strains such as P. aeruginosa PA14 68–71. 

However, P. aeruginosa strains do not all respond to metabolic signals in the same manner 72–74. 

Because lactic acid and 2,3-butanediol are potential biomarkers for CF disease progression, we 

must better understand the response of P. aeruginosa clinical isolates to these metabolites. Here, 

we investigate how a P. aeruginosa CF clinical isolate responds to 2,3-butanediol and lactic acid 

using multi-‘omics approaches including transcriptomics and metabolomics in addition to 

phenotypic assays. We find that in response to 2,3-butanediol and lactic acid, expression patterns 

associated with biofilm initiation and dormancy are induced in P. aeruginosa. 

 
MATERIALS AND METHODS 

 

Strain and growth conditions.  
 
The strain used for this study was PaFLR01, a Pseudomonas aeruginosa strain isolated 

from the sputum of a cystic fibrosis patient. PaFLR01 does not display a mucoidy phenotype or 

contain the lasR or hypermutator mutations. PaFLR01 was sequenced on an Illumina MiSeq. 

Sequencing read quality was checked with Fastqc 

(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/), the genome was assembled with 

A5 75, and annotated with Rapid Annotations using Subsystems Technology (RAST) 76. The a5 

pipeline combines quality filtering, adapter removal, error checking, and scaffold generation and 

verification 75. The assembly generated 79 scaffolds with a genome size of 6175434 base pairs. 

However, we removed the last 8 scaffolds because they were repeats of other larger scaffolds. 

The genome is available on NCBI (accession number PXNR00000000, BioSample 

SAMN08559939, BioProject PRJNA434465) and Patric 

(https://www.patricbrc.org/workspace/tgallagh@patricbrc.org/Genomes/FLR01) (Note: access to 

data requires a free Patric account login).  
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PaFLR01 was inoculated into 2 mL Todd Hewitt (TH) broth and grown at 37°C, shaking 

at 200 rpm. Overnight cultures were diluted with TH broth to OD500 0.05 and transferred to a 

96-well plate. For experimental conditions, lactic acid or 2,3-butanediol were added to the 

cultures at a final concentration of 20 mM. Each condition, including control, was performed in 

triplicate. The 96-well plate was statically incubated at 37°C for 48 hours, well past the 

exponential growth phase. In Todd Hewitt broth, the D-lactate concentration is 1.061 mM and L-

lactate concentration is 1.241 mM. For the control, the true concentration PaFLR01 was being 

exposed to was 2.302 mM (addition of D and L-lactate concentrations). For the lactic acid 

condition, the final concentration of lactic acid was 22.302 mM. The concentration of lactic acid 

in TH broth was measured using enzymatic kits that measure D-lactate and L-lactate isomers 

(Eton Bioscience). 

Metabolomics.  
 

After 48 hours of incubation at 37°C, cell cultures from the 96-well plate were collected 

and centrifuged to collect supernatants. Approximately 20 ul of supernatant from each sample 

was immediately transferred to a new microcentrifuge tube and stored at -80°C. Supernatants 

were sent to the West Coast Metabolomics Center (WCMC) for untargeted metabolomics on a 

gas chromatography time of flight mass spectrometry (GCTOF-MS) platform. Metabolites were 

extracted with a mixture of 3:3:2 acetonitrile: isopropyl alcohol: water according to standard 

operating procedures from the Fiehn Lab at the WCMC 77.  

 

RNA sequencing.  
 

Cell pellets were resuspended in trizol and stored at -80°C immediately after 

centrifugation and removal of supernatant. Upon extraction, pellets were thawed on ice. Total 

RNA was extracted using the Direct-zol RNA extraction kit from Zymo. We used Ribo-Zero 
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specific for bacteria to remove ribosomal RNA (Illumina). Libraries were built using the 

Illumina TruSeq Stranded mRNA library protocol. Libraries were sent to the UC Irvine 

sequencing core for 250 paired end sequencing on the HiSeq 2500.  

 

Phenotypic assays.  

 

Swarming and swimming phenotypic assays were performed. For the swarming assay, 5 

ul of overnight culture was dropped onto a TH 0.35% agar plate and incubated at 37°C for 48 

hours. The swimming assay was performed on TH 0.3% agar. Plates with 2,3-butanediol and 

lactic acid were at 20 mM final concentration. Images of plates were taken with an Epson 

scanner. Colony area was quantified with ImageJ (https://imagej.net).   

 

Phylogenetic analysis.  
 

Phylogenetic analysis was performed on PaFLR01 and 19 CF isolates and common lab P. 

aeruginosa strains. The 19 additional P. aeruginosa genomes were downloaded from the 

National Center for Biotechnology Information (NCBI) Genbank repository (Supplementary 

Table 2). These strains were chosen based on deposited metadata indicating they were isolated 

from CF patients or are common lab strains, in addition to completeness of their genome 

assembly. Coding DNA sequences were extracted from each genome and protein BLAST 

alignments were performed 78 against the other genomes. Geneparser 

(https://github.com/mmmckay/geneparser) was used to parse the BLAST output, extract, and 

concatenate genes that are shared at 90% amino acid identity (AAI) across 90% of the protein 

sequence. These concatenated sequences were aligned using MAFFT 79 using parameters –auto 

and –maxiterate 2. The phylogenetic tree was built with FastTree 80 using parameters –slow, –spr 

4, –mlacc 2. Tree visualization was done using iTOL 81.  
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Transcriptome analysis.  
 

Quality control and filtering of transcriptome data were performed with Trimmomatic, 

PEAR, and Deconseq. Trimmomatic trimmed adapter sequences, low quality reads, and removed 

Ns 82. PEAR combined overlapping paired reads into a single read 83. Deconseq removed 

remaining rRNA 84. Quality filtered reads were aligned to the reference PaFLR01 genome with 

Bowtie2 85 and gene counts were generated using HTSeq 86. One of the biological replicates from 

the PaFLR01 control was removed from further downstream analyses due to low coverage 

(Supplementary Table 3). Differences in coverage were accounted for through normalization 

before the differential expression analysis, and normalized coverage across housekeeping genes 

and across the genome were as expected (Supplementary Figure 1A, B). Differential expression 

gene analysis was performed with DESeq2, which contains an internal normalization step 87. The 

cutoff threshold for differentially expressed genes was a magnitude log2 fold change > 1.5 and p 

value < 0.05. Gene categories from RAST were tested for differential expression by counting 

differentially expressed genes with a positive and negative log2 fold change and performing the 

binomial test in R to identify whether each category was differentially up or down-regulated.  

 
Metabolome analysis.  
 

Raw data are provided in Supplementary Table 4. Metabolomics data analysis was 

performed in R and Primer (http://www.primer-e.com/Primary_papers.htm). In R, randomForest 

was performed with the randomForest package to identify metabolites that best distinguish each 

sample group or category from each other. Multivariate analysis including principle coordinate 

analysis (PCoA) was performed in Primer. Metabolites and transcripts were normalized by total 

sum per sample.  
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RESULTS 

 

Phylogenetic analysis of a clinical isolate and CF P. aeruginosa strains. 

 

 In order to identify the evolutionary and phylogenetic relationship between our clinical 

isolate and other common lab and CF P. aeruginosa strains, we built a phylogenetic tree based 

on a core genome analysis and performed a BLAST search of the essential genome for P. 

aeruginosa in CF sputum. The three common lab strains included in this analysis were PA7, 

PAO1, and PA14. The other strains used in this study were CF clinical isolates, including the 

PaFLR01 clinical isolate used in this study. Core phylogenetic analysis indicates that PaFLR01 is 

closely related to many known CF isolates (Figure 1). On average, the P. aeruginosa strains 

included in our analysis share 98.4% AAI across the core genome. However, the accessory 

genome of these P. aeruginosa strains contains many open reading frames that are not shared 

among all strains (Figure 1). At 90% AAI, PaFLR01 contains 177 genes that are not shared with 

the other genomes used in this analysis.  

When comparing PaFLR01 to PA14, a ubiquitously studied strain, we performed a 

BLAST search of the essential genome of PA14 in CF sputum 71. The 508 genes determined to 

be essential for PA14 survival in CF and MOPS-sputum 71 were used as a BLAST reference for 

the 20 P. aeruginosa strains. PaFLR01 contains 493 of the 508 essential genes at an average 

protein identity of 99.7% for surviving in CF sputum (Supplementary Table 1). PaFLR01 

contained more CF essential genes than 16 of the other genomes in the phylogenetic analysis.  

 
Phenotypic response of PaFLR01 to fermentation products. 

 
To investigate how a clinical isolate responds to fermentation products that are potential 

biomarkers of CF disease progression, we grew PaFLR01 in the presence of either 20 mM 2,3-
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butanediol or 20 mM lactic acid in biological triplicates for a period of 48 hours at 37°C in a 

static 96-well plate. As a control, triplicates of PaFLR01 cultures were grown in culture without 

added metabolites. After 48 hours, final optical density (OD; Figure 2A) and pyocyanin 

concentrations (Figure 2B) were recorded. Although the added metabolites did not significantly 

boost PaFLR01 growth, 2,3-butanediol and lactic acid nearly doubled the production of 

pyocyanin in comparison to the control (Figure 2B).  

In addition to pyocyanin measurements, we also looked at the coverage in counts per 

million (CPM) across genes involved in phenazine production, specifically, phzM and phzS 

(Supplemental Figure 1C, D). As a control, coverage of a housekeeping gene, DNA gyrase 

subunit B gyrB and coverage across the whole genome were examined (Supplementary Figure 

1A, B).  PhzM is expressed at the same level in each of the 3 conditions, given even coverage 

across samples (Supplementary Figure 1C). PhzS is up-regulated when exposed to 2,3-butanediol 

and lactic acid (Supplementary Figure 1D).  

Swarming and swimming assays were performed to investigate how PaFLR01 responds 

to lactic acid and 2,3-butanediol. Crystal violet biofilm assays were also performed, but provided 

inconsistent results due to lack of adherence to wells (data not shown). To keep conditions 

similar across experiments, we performed the swarming and swimming assays on TH plates. 

Swarming was significantly decreased when PaFLR01 was exposed to 2,3-butanediol and lactic 

acid (Figure 2C, E). PaFLR01 control and lactic acid conditions display the swimming 

phenotype, but the 2,3-butanediol condition displays a swarming phenotype closer to the outer 

edge of the colony (Figure 2D). This may be attributed to the additional carbon source available 

to PaFLR01 with the addition of 20 mM 2,3-butanediol.  

 
Metabolome profile of PaFLR01 growth in 2,3-butanediol and lactic acid. 
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Metabolomes were measured by GCTOF-MS in an untargeted approach. The 

extracellular metabolomes of each growth condition formed distinct hierarchical clusters based 

on Euclidian distances (Figure 3, top dendrogram). The two large clusters on the left y-axis 

dendrogram distinguish metabolites present at low and high abundances in the Todd Hewitt (TH) 

media blank that were produced and consumed by PaFLR01, respectively. Lactic acid is present 

at a concentration of 2.302 mM in the TH media and is consumed by PaFLR01 in all conditions 

(Figure 3). Amino acids present in the TH media blank, alanine, tyrosine, tryptophan, and 

phenylalanine, show decreased relative abundance in the PaFLR01 + 2,3-butanediol and 

PaFLR01 + lactic acid conditions compared to the TH control, indicating consumption or 

modification (Figure 3). However, amino acids are even lower in the PaFLR01 control (Figure 

3).  

 
Differentially expressed gene categories of PaFLR01 growth in 2,3-butanediol and lactic 

acid. 

 

 To identify SEED cellular process categories that are significantly up or down-regulated 

with a p value of < 0.05, a binomial test was performed on the number of genes that had a p 

value of < 0.05 and a magnitude log2 fold change > 1.5 in each SEED category. For PaFLR01 + 

2,3-butanediol versus PaFLR01 control, iron acquisition metabolism and membrane transport 

gene categories are up-regulated while protein metabolism and RNA metabolism are down-

regulated (Figure 4). For PaFLR01 + lactic acid vs. PaFLR01 control, amino acids and 

derivatives and iron acquisition metabolism are up-regulated while motility and chemotaxis and 

protein metabolism are down-regulated (Figure 5).  
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In iron acquisition and metabolism, pyoverdine synthetases (pvdF for PaFLR01 + 2,3-

butanediol, and pvdJ, pvdL, and pvdA for PaFLR01 + lactic acid) are up-regulated (Figure 4, 5; 

Iron acquisition metabolism). FpvA, a pyoverdine specific receptor which recognizes 

ferripyoverdine, is also up-regulated (Figure 4, 5; Iron acquisition metabolism). FpvA works in 

conjunction with tonB, up-regulated in PaFLR01 + 2,3-butanediol, a protein that is used to 

import ferripyoverdine into the periplasm of the cell 88,89. For both 2,3-butanediol and lactic acid 

conditions, the fur repressor protein is down-regulated (Figure 4, 5; Iron acquisition 

metabolism). When ferrous iron is accumulated at high concentrations within the cell, fur 

represses the iron import system 90,91. 

 

Membrane transport is up-regulated in PaFLR01 + 2,3-butanediol, but not in PaFLR01 + 

lactic acid. In particular, type IV fimbrial biogenesis pilus genes (pilN, pilY1, pilV, fimT, and 

pilC) are differentially up-regulated (Figure 4, Membrane Transport). In the motility and 

chemotaxis gene category, flagellar genes involved in flagellum-mediated motility and adhesion 

(flaC, flgL, fliF, fliK, fliE, fliD, flhA, flgG, and flgF) are differentially down-regulated in 

PaFLR01 + lactic acid but not in the PaFLR01 + 2,3-butanediol condition (Figure 5, Motility and 

chemotaxis). 

 
Relating metabolomes to transcriptomes. 

 

 To identify overlapping trends between the transcriptome and metabolome profiles, we 

performed a principal coordinate analysis (PCoA) of the transcriptional data overlaid with 

metabolites selected based on best distinguishing each sample condition. The biological 

replicates for each condition of the transcriptome data clustered together (Figure 6). A signature 

that arises is the correlation of amino acids with the PaFLR01 + lactic acid condition, also 
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evident in the transcriptome data. For example, the predicted regulator putR for proline 

utilization is up-regulated; oxoproline is more closely clustered with the lactic acid condition in 

the overlaid PCoA (Figure 6). In addition, amino acid transport proteins for methionine, L-

proline, glycine, arginine, ornithine, and aromatic acid transport protein aroP are also up-

regulated (Figure 5). Several of the amino acids associated with the genes listed above, 

specifically methionine, glycine, and oxoproline are more associated with PaFLR01 exposure to 

fermentation products than to the PaFLR01 control (Figure 6). The cluster of metabolites is 

centered between the PaFLR01 + 2,3-butanediol and PaFLR01 + lactic acid conditions, 

indicating that the amino acids are more associated with PaFLR01 exposure to fermentation 

products than the PaFLR01 control (Figure 6).  

 
DISCUSSION 

 
Understanding how pathogens like P. aeruginosa respond to important metabolites from 

the CF lung may shed light on pathogen physiology in vivo. To work within a physiologically 

relevant range, we decided on 20 mM for both metabolites (further discussion and review of 

clinical sample measurements of 2,3-butanediol and lactic acid that motivated our experimental 

design in Supplementary materials S1). We also chose to focus on a late time point, 48 hours 

after inoculation. Many biofilm studies focus on growth stages much earlier than what is 

reflected in an infection where most cells are likely slow-growing and well past stationary phase. 

Overall, we find that the addition of relevant concentrations of the fermentation products leads to 

changes in the aggregative or biofilm modes of growth, to use the terminology from DePas 2016 

92, both in the physical handling properties of the clinical isolate PaFLR01 in the culturing 

experiments, and in the expression patterns from the transcriptomes. 
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Fermentation products as a signal for low oxygen 

 
Contrary to the conventional wisdom that lungs are well aerated and aerobic, oxygen 

does not penetrate liquid easily, and while hemoglobin carries oxygen to tissues that are 

accessible to circulating blood, dense mucus layers in the airways are largely inaccessible to 

fresh oxygenated hemoglobin. Neutrophils also consume much of the available oxygen 93, 

limiting P. aeruginosa growth 94. Furthermore, fermentation products 2,3-butanediol and lactic 

acid may act as signals for low oxygen. In a transposon mutagenesis experiment, genes essential 

for survival in oxygen limited conditions include transcriptional regulation and signal 

transduction, cell wall and phospholipid metabolism, transport, amino acid metabolism and 

proteolysis, among other gene categories 95. In our transcriptome data, we see an increase in 

expression in transport genes in the 2,3-butanediol condition and an increase in expression in 

amino acid metabolism genes in the lactic acid condition (Figure 4, 5). The overlap in gene 

categories essential for oxygen limitation and up-regulated in response to fermentation products 

are consistent with the possibility that fermentation products act as a signal for low oxygen.   

In low oxygen conditions, it has been shown that phenazine production by Pseudomonas 

spp. increases 96. In the pyocyanin production pathway, phzM converts phenazine-1-carboxylic 

acid to 5-methylphenazine-1-carboxylic acid betaine, which phzS converts to pyocyanin through 

the use of NADH and oxygen 97. Interestingly, while phzS is oxygen dependent and phzM is not, 

low oxygen signals from the fermentation products 2,3-butanediol and lactic acid induce an 

overexpression of phzS, but not phzM (Supplementary Figure 1C, D). This result may reflect 

how fermentation products are signals of low oxygen and induce the production of phenazines 

that can act as alternative electron acceptors.  

 

Central role of iron acquisition and metabolism 
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Iron is required for respiration, biofilm formation, and many other metabolic processes 

necessary for P. aeruginosa growth. Pyoverdine, one of the two major siderophores produced by 

P. aeruginosa, is critical for scavenging iron in a mouse lung infection model 98 and chronic 

biofilm infections 99. Mutants unable to produce pyoverdine were shown to be deficient in 

biofilm formation. Increased expression of pyoverdine synthesis and receptor proteins and 

decreased expression of the fur repressor protein in our transcriptome data implies that cells are 

actively producing pyoverdine and importing ferrous iron (Figure 4, 5). Therefore, the 

differential expression of these genes indicate that exposure to 2,3-butanediol and lactic acid 

induces change in PaFLR01 iron metabolism involved in respiration, biofilm formation, or 

virulence.  

 

Aggregative growth and dormancy physiology in response to fermentation products 

 
Several types of data support the idea that fermentation products push PaFLR01 toward 

aggregative growth and dormancy physiology. The evidence includes the increase in phenazine 

production described above, along with changes in expression of genes related to motility, 

protein metabolism and amino acid utilization described below. 

Classic in vitro biofilm studies do not necessarily reflect the true physiology of microbes 

in vivo in CF lungs, but do, however, offer a glimpse into important biological features. For 

example, when P. aeruginosa cells attach to a surface to form a monolayer, genes involved in 

twitching motility and virulence are required for the initial stages of biofilm initiation 100,101. 

Bacteria living in the CF airways can be observed with a new tissue clearing technique called 

MiPACT (microbial identification after passive clarity technique), which enables detection of  

spatial distribution and aggregate size of clusters of bacterial cells in CF sputum 92. Bacteria 
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within sputum exist as single cells, medium-sized clusters, and larger aggregates 92. Furthermore, 

Sønderholm et al. recently showcased a new alginate bead model that leads to the growth of 

physiologically relevant aggregates of P. aeruginosa cells, advancing the field from traditionally 

studied surface attached biofilms 102. 

Type IV pili are required for twitching motility and are important for surface adhesion 

and virulence 100,101,103,104. In order to assemble a biomass of cells that form a biofilm, cells need 

to be able to sense and move towards one another. Pili genes necessary for twitching and 

swarming motility are up-regulated in the PaFLR01 + 2,3-butanediol condition. Results from the 

swarming assay show that 2,3-butanediol decreases swarming in PaFLR01 (Figure 2D, F). In 

George O’Toole’s model for biofilm formation, type IV pili may play an important role in early 

microcolony and biofilm formation 101. As also seen in Clostridium difficile, type IV pili are 

critical for early biofilm formation; pilA mutants are capable of forming biofilms but at a 

significantly reduced biomass 105. Pil gene mutations are also a common adaptation of 

Pseudomonas in the CF lung 106.  

 

Once a P. aeruginosa biofilm is established, the majority of cells within the biofilm are 

no longer motile 107–109. In the swarming assay, when PaFLR01 is exposed to lactic acid, 

swarming significantly decreases (Figure 2C, E). Genes involved in motility, including pil genes, 

rpoN, and cup genes are often mutated in adaptation to the CF lung 106. Pseudomonas also adapts 

to the CF environment by repressing flagellar genes to avoid eliciting host defenses 110. When 

PaFLR01 is exposed to lactic acid, flagella genes are significantly down-regulated (Figure 5). 

Although PaFLR01 uses lactic acid as a carbon source, forming a biofilm in response to 

exposure to lactic acid protects itself against acidity, a signal for low oxygen. In addition to the 
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defense of a biofilm, a low pH environment also inhibits antimicrobial susceptibility. In a 

porcine CF model, decrease in pH inhibited the antimicrobial activity of airway surface liquid 

against bacterial killing 35. The up-regulation of genes involved in biofilm formation likely 

provides a survival advantage to P. aeruginosa in the acidic lung environment of CF patients.  

 

Reduction in protein metabolism 

 
 Cells in a biofilm are more sessile and dormant than planktonic cells. Addition of 2,3-

butanediol and lactic acid led to a decrease in expression of genes involved in protein 

metabolism (Figure 4, 5). 2,3-butanediol also led to a decrease in RNA metabolism (Figure 4). 

This further supports our hypothesis that exposure to lactic acid and 2,3-butanediol alter 

physiology in clinically relevant ways. In particular, a down-regulated gene slyD, a molecular 

chaperone, is a key molecule involved in cell growth 111. Additionally, fklB, a gene that has been 

shown to increase susceptibility of P. aeruginosa to B-lactams when mutated is also down-

regulated 112. As P. aeruginosa starts to decrease growth, they may become more physiologically 

similar to conditions in vivo, as P. aeruginosa is more slowly growing and dormant 113. When in 

a biofilm, P. aeruginosa does not need to express flkB to defend itself against antibiotics because 

the biofilm and state of growth will protect P. aeruginosa from several classes of antibiotics.  

 

Amino acid utilization 

  
In the present study, both expression data and metabolites show increased PaFLR01 

amino acid consumption with exposure to fermentation products (Figures 3 and 5). As P. 

aeruginosa strains adapt to the CF environment over the course of years, genes and metabolites 

involved in amino acid metabolism tend to increase 114,115. In a study of 179 CF adapted P. 

aeruginosa isolates, Behrends et al. showed that CF adaptations included increased efficiency in 
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utilizing amino acids, likely because of their abundance in CF sputum and because amino acids 

are metabolically expensive 114. However, there was not a convergent metabolism for all P. 

aeruginosa strains surveyed in vitro because of the different selection pressures for evolution and 

adaptation in each patient 114.  

 

Unknowns 

 
Less than half of the metabolites detected by untargeted GC-MS are known because of 

incomplete libraries and identification methods (227 of 706 are annotated). A typical experiment 

with clinical samples yields thousands or tens of thousands of metabolites. From LC-MS data 

often less than two percent can be identified (Silva et al., 2015), while GC-MS databases are 

better developed and the molecules are often better-studied central metabolites, so closer to half 

of them are often identified, as we see in this dataset. 

 
CONCLUSION 

 
Volatile molecules have wide range and can impact the physiology of even distantly 

located pathogens. Whether 2,3-butanedione producing Streptococcus spp and Rothia 

mucilaginosa 3,60 occupy the oral cavity or another part of the airways, the fermentation products 

they produce may reach opportunistic pathogens such as P. aeruginosa. Fermentation products 

may be a nutrient or a signal of low oxygen conditions, and induce chronic infection associated 

physiology including phenazine production, bacterial cell aggregation and dormancy. 
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FIGURES 

 

 
Figure 2.1. Phylogenetic tree and heatmap based on the core and pan-genome, respectively, of 
20 Pseudomonas aeruginosa common lab and cystic fibrosis isolates. 1369 genes are shared at 
90% average amino acid identity across 90% of the protein sequence. Values next to branches 
indicate bootstrap scores. Blue and white bars respectively represent presence and absence of 
genes across all 20 strains.  
 

Core Genome Pan - Genome Presence/Absence
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Figure 2.2. Phenotypic response of PaFLR01 to fermentation products. A) Final optical density 
(OD) at 500 nm and B) pyocyanin measurements at 691 nm were taken after 48 hours of 
incubation at 37ºC. Phenotypic C) swarming and D) swimming assays were set at 48 hours at 
37ºC. Area quantification of E) swarming and F) swimming colonies was performed with 
ImageJ. Dots within each boxplot indicate each biological replicate. Bdl = PaFLR01 + 20 mM 
2,3-butanediol. La = PaFLR01 + 20 mM lactic acid. Pairwise T tests were performed to 
determine significance. *p value < 0.05; **p value < 0.01; ***p value < 0.001; ns = p value > 
0.05, not significant.  
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Figure 2.3. Heatmap of important metabolites chosen based on the randomForest algorithm. The 
top 50 metabolites output from the randomForest algorithm with the addition of glucose and 2,3-
butanediol are presented. Metabolites were normalized by a log2 and scale transformation in R. 
The legend represents the z-scores, standard deviation from the mean, of the log2 transformed 
data. TH = Todd Hewitt media blank. La = PaFLR01 + 20 mM lactic acid. Bdl = PaFLR01 + 20 
mM 2,3-butanediol. The metabolites labeled with an X and number are unannotated, although 
the ion can be consistently identified across samples. Dendrograms are hierarchically clustered 
based on Euclidian distances.  
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Figure 2.4. Differentially expressed SEED gene categories in PaFLR01 + 2,3-butanediol versus 
PaFLR01 control. Gene categories were selected based on the binomial test with a p value < 
0.05. Genes within each category with a magnitude log2 fold change of > 1.5 and p value of < 
0.05 are listed.  
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Figure 2.5. Differentially expressed SEED gene categories in PaFLR01 + lactic acid versus 
PaFLR01 control. Gene categories were selected based on the binomial test with a p value < 
0.05. Genes within each category with a magnitude log2 fold change of > 1.5 and p value of < 
0.05 are listed.  
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Figure 2.6. Principal coordinate analysis (PCoA) of transcriptomes overlaid with distinguishing 
metabolites. A PCoA with the Bray-Curtis similarity statistic was performed on the 
transcriptome dataset. Transcriptome counts were normalized by total number of gene counts per 
sample. Metabolites were normalized by total sum intensity per sample and were chosen based 
on best distinguishing each sample from each other. Metabolites included are: threonine, 
oxoproline, methionine, lysine, leucine, isoleucine, hydroxylamine, histidine, glycine, and 
alanine. 2,3-butanediol = PaFLR01 + 20 mM 2,3-butanediol. Lactic acid = PaFLR01 + 20 mM 
lactic acid. 
 
Supplementary Materials available at 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5928460/  
 
Table S2.1. Essential genes for P. aeruginosa PA14 survival in CF sputum. 508 genes 
determined to be essential for PA14 survival in CF and MOPS-sputum were used as a BLAST 
reference for the 20 P. aeruginosa strains. The number of genes next to each strain indicate the 
number of gene hits to the PA14 essential gene list. Top hits from each genome were considered 
as long as they passed a 0.01 E value threshold. 
 

Table S2.2. Metadata of the 20 P. aeruginosa strains from the phylogenetic analyses. Metadata 
were acquired from Patric. 
 
Table S2.3. Number of raw reads and processed reads that aligned to PaFLR01. Paired aligned 
reads are reads that have been merged with PEAR and were aligned to the PaFLR01 genome 
with Bowtie2. Single aligned reads are single end reads that did not pair with its mate, but was 
aligned to the PaFLR01 reference genome with Bowtie2.  
 
Table S2.4. GCTOF-MS metabolomics data. Relative abundances of analytes for each condition.  
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Figure S2.1. Normalized coverage of gyrB, phzH, phzS, and the PaFLR01 transcriptome. The 
data are normalized by counts per million for the A) housekeeping gene gyrB, C) phzH, D) phzS, 
and log2 counts per million for the genome coverage.  
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Figure S2.2. PaFLR01 growth curves with gradients of 2,3-butanediol and lactic acid. Cultures 
were prepared in triplicate in a 96-well plate and stored at 37ºC in the same conditions as the 
RNA sequencing experiment. At each time point, optical density readings were taken. Points of 
the same color represent replicates of the same condition.  
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CHAPTER 3: 

Thriving under stress: Pseudomonas aeruginosa outcompetes the background 

polymicrobial community under treatment conditions in a novel chronic wound model 

 
Authors: Joann Phan, Saba Ranjbar, Miki Kagawa, Matthew Gargus, Allon Israel Hochbaum, 
Katrine Whiteson 
 

ABSTRACT 

In vitro infection models are important for studying the effects of antimicrobials on 

microbial growth and metabolism. However, many models lack important biological components 

that resemble the polymicrobial nature of chronic wounds or infections. In this study, we 

developed a perfused meat model that supports the growth of the human pathogen Pseudomonas 

aeruginosa in a native meat microbial background to investigate the impact of antibiotics and 

hydrogen peroxide on polymicrobial community growth and metabolism. P. aeruginosa plays an 

important role as an etiological agent involved in chronic infections and is a common 

opportunistic pathogen. Chemical stressors in the form of hydrogen peroxide, carbenicillin, and 

gentamicin were perfused through the meat with polymicrobial growth on the surface. The 

relative abundances of P. aeruginosa and the background microbial community were analyzed 

by cell viability assays, and metabolic changes of the entire community in response to different 

antimicrobial treatments were characterized by GC-MS analysis of volatile organic compounds. 

The meat background community was characterized by amplicon sequencing. Relative densities 

of P. aeruginosa and background microbiota were similar under control conditions. 

Antimicrobial stressors, even at sub-inhibitory, physiologically relevant concentrations, spurred 

P. aeruginosa dominance of the meat surface community. Volatile metabolite ion intensity levels 

showed that antibacterial treatments drive changes in microbial metabolism. The abundance of 

the P. aeruginosa-derived metabolite, acetophenone, remained stable with treatment, whereas the 

relative abundances of 2-butanone, 2-nonanone, and 2-aminoacetophenone changed in response 
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to treatment, suggesting these could serve as biomarkers of infection. Our model recapitulates 

the physiological conditions of chronic wounds and facilitates high throughput experiments 

without the high cost of in vivo models. Expanded use of this perfusion model will contribute to 

the understanding of polymicrobial growth and metabolism in the context of chronic wounds and 

infections.   

 

INTRODUCTION 

 

Chronic wounds, characterized by the impairment or disruption of the natural wound 

healing process, are problematic to identify and treat because of the complex underlying 

physiology of each individual. A majority of chronic wounds are infected with bacteria that are 

resistant to antimicrobial challenge 117,118. Chronic wound infections are more persistent than 

acute infections due to host pathophysiologies and bacterial tolerance to physical and chemical 

therapies, including increased resistance to antibiotics. Although the wound microbiome has 

been well characterized 119–122, defining the composition of the chronic wound microbiome may 

not enable robust prediction of wound outcome or healing. However, multispecies communities 

in an in vivo wound model have been shown to delay healing compared to single species 

infections 123. Metabolic biomarkers that result from microbial interactions may provide 

important insight into chronic wound metabolism and progression. Several in vitro and ex vivo 

studies have documented the potential clinical relevance and reliability of volatile molecules in 

distinguishing microbes based on their volatile signatures and exploring the microbial 

metabolisms of chronic wounds 124–128. The use of GC-MS to identify volatile organic 

compounds (VOC) can provide important insight into microbial metabolism and physiology. 

Thus, in order to improve chronic wound diagnosis and treatment, it is essential to develop 



 

 

57

realistic and high throughput models to better understand the physiology and metabolic 

signatures of chronic infection.  

Opportunistic pathogens such as Pseudomonas aeruginosa typically dominate the 

microbial community in chronic infections, yet the underlying mechanisms are not well 

understood. In the earlier stages of infection, commensal microbes and host physiology play an 

important role in establishing a favorable environment for the opportunistic pathogen. For 

example, in cystic fibrosis, anaerobes present in the airways break down mucins to produce 

amino acids and short chain fatty acids that P. aeruginosa uses as a carbon source to grow and 

colonize 63. Cross-feeding between commensal bacteria and P. aeruginosa has also resulted in 

changes in antibiotic tolerance 6. However, the dynamic between the commensal microbes and 

opportunistic pathogens is missing in many chronic wound and infection models. Several wound 

studies indicate multispecies biofilms have negative impacts on wound healing and antimicrobial 

efficacy 123,129. In an in vivo murine chronic wound model, oxidative stress and community 

composition alone do not characterize the microbial community metabolism 130. Similarly, tissue 

models, including an ex vivo porcine lung model, investigate only the growth of a single 

pathogen at a time 131–134. To better understand chronic infections, it is important to consider the 

entire microbial community.   

In order to model a polymicrobial community in a biologically relevant context, we 

developed a perfusion wound meat model that could support the growth of a native meat 

microbial background and P. aeruginosa (Figure 1). Based on an ex vivo porcine lung model for 

cystic fibrosis 131,132, our in vitro model adds liquid flow via media perfusion and a native meat 

microbial community. Dumigan et al. included perfusion in the ex vivo porcine lung model, but 

investigated the pathogenesis of a single pathogen – Klebsiella pneumoniae without the presence 
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of a native microbiota 133. Oates et al. developed a basally perfused model that successfully 

supports the growth of a multispecies community, but lacks a biological host component 129. Our 

perfused meat model incorporates nutrient flow through a meat matrix that supports the growth 

of a multispecies community. Just as human skin harbors a native microbial community, the 

meat microbial community was used to replicate a non-sterile environment of a wound or 

chronic infection. 

To study changes in metabolite profiles in these microbial communities, volatile 

molecules were detected using vacuum assisted sorbent extraction (VASE). VASE involves 

extracting volatile molecules under vacuum, which results in greater detection sensitivity than 

methods that actively absorb the volatiles from the headspace of a sample (i.e. solid phase 

microextraction). The measurement of volatile molecules provides a non-invasive approach that 

could be widely used for detecting biomarkers in health and disease. Other studies have 

incorporated surveying volatile molecules to identify biomarkers of chronicity in wounds 

121,124,126. Therefore, elucidating the metabolism within the polymicrobial communities in 

wounds in response to antibiotic treatment and ROS from the host may reveal important 

information on treatment efficacy, microbial persistence, and host outcome. 

 

We used the perfusion meat model to address the following questions: 1) how does the 

microbial community composition and viability shift in response to common wound therapies of 

antibiotics and hydrogen peroxide, and 2) how do metabolic signatures of this community 

change in response to these therapies? The overall technological goal and impact was to 

understand the community, metabolite, and pathogen dynamics in bacterial infections.  

 
MATERIALS AND METHODS 
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Strains and growth conditions.  

 

Pseudomonas aeruginosa PA14 WT 135 and clinical isolate PaFLR01 were used in this 

study. PA14 constitutively expressing YFP (provided by R. Kolter, Harvard Medical School) 

was used to visualize growth on the surface of the meat tissue. Clinical isolate PaFLR01 was 

isolated from the sputum of an individual with cystic fibrosis. The genome sequencing and 

assembly can be found with BioProject Accession PRJNA434465 on NCBI. Published studies 

involving PaFLR01 include 136, 60, and  7. P. aeruginosa strains were inoculated into Luria-Broth 

(LB for PA14 and PA14-yfp; Sigma-Aldrich) or Todd-Hewitt broth (TH broth for PaFLR01; 

Sigma-Aldrich) and grown overnight on a shaker at 37°C. PaFLR01 does not grow well on LB, 

thus requiring a richer media for growth. Optical density measurements to estimate bacterial 

culture concentrations were made at 500 nm, rather than the standard 600 nm, in order to avoid 

overlapping signals from pigments including pyocyanin produced by P. aeruginosa. The meat 

microbial background was native to the meat. 

 
Perfusion meat model.  

 
Meat for the perfusion model was from a packaged fresh (never frozen) New York Strip 

Steak from a commercial source (beef, Trader Joe’s). Steak tissue was cut into approximately 1-

inch cubes and stored in phosphate buffered saline (PBS) at -20°C and thawed at 4°C before use. 

At the start of the experiment, the tissue was submerged in P. aeruginosa from an overnight 

culture diluted in LB to OD500 nm = 0.05, or sterile LB as a control, in a 50 mL tube for 2 h at 

37°C before setting up the perfusion model. At the end of this incubation, the tissue was 

transferred to a 30 mm petri dish for the perfusion setup.  
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The setup consisted of tubing, two flow regulators, a 30 mm petri dish, an autoclave tub, 

tissue, and 500 mL glass bottles to store media or collect waste (Figure 1A and S1). To pass the 

tubing through the 30 mm petri dish, a heated 16 ½ G needle was used to make holes on opposite 

sides of the dish. We pipetted 4 ml of LB into the 30 mm petri dish, threaded tubing that was 

perforated and sealed at one end through one side of the petri dish and tissue. The tubing that 

collected waste or excess media was pulled through the opposite side of the petri dish and the 

end of the tube was placed where the outward flow would not be disrupted. The threading 

process was performed with autoclaved dissection tweezers. Liquid media continuously flowed 

through the tube at the rate of 0.2 ml/min. Waste collection was also set at the rate of 0.2 ml/min. 

The perfusion setup was incubated for 24 hours in a temperature controlled room set at 37°C.  

 

Perturbation conditions included the following additions to the input media: 50 µg/ml 

carbenicillin, 20 µg/ml gentamicin, or various concentrations of hydrogen peroxide. The 

concentrations of gentamicin and hydrogen peroxide were selected based on concentrations 

found in the literature relevant to chronic wounds and wound treatments summarized in 

Supplemental Table 1. At the conclusion of each perfusion experiment, half of the tissue was 

saved for enumeration of colony forming units (CFUs) and the other half was saved for analysis 

of volatile compounds.  

 

Sterilization of the materials used in the perfusion model involved the use of bleach, 

ethanol, and autoclaving. The tubing was submerged in a 10% bleach solution for at least 2 

hours, rinsed and drained with water, dried, and autoclaved. The surgical tweezers used for 

manipulation of the tubing and meat were sprayed with bleach and autoclaved prior to each 
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experiment. During the perfusion setup, the tweezers were sprayed with a bleach solution and 

then an ethanol solution to prevent cross-contamination when preparing multiple experiments. 

The petri dishes were purchased as sterile.  

 
Static meat model.  

 

The basis of this experimental setup was modeled after the ex vivo porcine lung model in 

Harrison, F. et al. 2014 131–133. The differences, however, included the tissue source and media, 

and our model did not use antibiotics to clear the native microbial community from the tissue. 

Tissue for the static model was the same as used for the perfusion model. The static model was 

performed in a 12-well plate and stored at 37°C for 24 hours. The tissue was submerged in a 

diluted overnight bacterial culture (OD500 nm 0.05), or sterile LB as a control, in a 50 mL tube and 

incubated for 2 hours prior to the start of the plate experiment. After the 2-hour incubation, each 

cube was placed in an individual well in the 12-well plate. Media was added to each well to 

cover the tissue. Each well contained about 2 ml media with or without antibiotic or hydrogen 

peroxide and the tissue. At the conclusion of each static experiment, half of the tissue was saved 

for enumeration of CFUs.  

 
Cell viability and relative growth analysis.  
 

Half of the tissue was vortexed with 1 ml of media for 30 seconds to remove cells 

adhered to the tissue surface. The liquid was then collected and used for dilution plating, where 

10 µl of each dilution was spotted onto a LB or TH agar petri dish at least three times as 

technical replicates for each biological sample. LB agar plates were used for models with PA14, 

whereas TH agar plates were used for models with PaFLR01. Colonies of P. aeruginosa and 

meat background (MB) microbes were distinguished by phenotype. P. aeruginosa formed 
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smaller and darker brown-green colonies while MB formed larger white colonies. All colonies 

that were not the P. aeruginosa phenotype were counted as MB.   

 
Statistical Analyses.  

 

All statistical analyses were performed in R 137. Analysis of variance (ANOVA) was 

performed with the aov function. Corrections for multiple comparisons following ANOVA were 

performed with the TukeyHSD function. Assumptions for ANOVA were tested with shapiro.test 

(normal distribution of residuals) and leveneTest (car package; homogeneity of variances) 138. 

For data that did not meet both assumptions for ANOVA, T tests were performed. The 

compare_means function from the ggpubr package in R was used to perform T tests to compare 

group means 139. P values were adjusted with the Benjamini-Hochberg method (p.adjust.method 

= ‘BH’) for tests with multiple comparisons.  Nonmetric multidimensional scaling (NMDS) was 

performed with the metaMDS function from the vegan package in R 140. To generate clusters in 

the metabolic heatmap, a Bray-Curtis distance matrix of the sample normalized metabolite data 

was generated using the vegdist function in the vegan package 140. The resulting matrix was then 

put into dist, hclust, and as.dendrogram functions from the package stats 137.  

 
Headspace detection and analysis.  

 

Volatile headspace analysis was performed using vacuum assisted sorbent extraction 

(VASE); the instrument and method developed by Entech Instruments (Simi Valley, California) 

were coupled with sample injection and thermal desorption on a gas chromatography mass 

spectrometer (GC-MS). The half of the tissue sections not used for viability and growth analysis 

were prepared by VASE for 1 hour at 70°C. Briefly, tissues stored at -80°C were thawed on ice 

for one hour and then placed into a pre-cleaned type 1 glass vial (VOA; Thermo Scientific). A 
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VASE Sorbent Pen cartridge containing Tenax was placed into the vial and held in place by a lid 

liner. Air was removed from the vials using a vacuum pump and the vials were placed in a 

shaking incubator for 1 hour at 70°C. At the end of the extraction, vials were placed on a metal 

block equilibrated at -20°C for 15 minutes to remove water from the headspace. VASE pens 

were removed from the vials and their contents were run on an Agilent GC-MS (7890A GC and 

5975C inert XL MSD with Triple-Axis Detector) with a DB-624 column. The splitless GC-MS 

method starts at 35°C with a 5-minute hold, ramps 10°C/min until 170°C, and ramps 15°C/min 

until 230°C with a total method runtime of 38 minutes. The corresponding Entech method has a 

38-minute runtime with a preheat duration for 2 minutes at 260°C, desorption duration for 2 

minutes at 260°C, bake-out duration for 33 minutes at 260°C, and post bake duration for 3 

minutes at 70°C. Analysis and quantification of peaks were performed in the Agilent 

ChemStation software.  

 
Meat microbial background characterization.  

 

The meat microbial background was harvested from the control static meat model after 

24 hours at 37°C. Microbial cells were collected from two sources: 1) the media the tissue was 

incubated in and 2) cells attached to the tissue were collected by washing and vortexing the 

tissue with fresh media. Communities from three pieces of meat from the same steak were 

sequenced. All materials collected were combined, pelleted, and stored at -80°C until DNA 

extraction. DNA was extracted using the Quick-DNA Fecal/Soil Microbe Miniprep kit (D6010) 

from Zymo Research (Irvine, CA). The 16S rRNA V4-V5 region was amplified using the 515F 

and 926R primers from the Earth Microbiome Project 141 and sequenced on an Illumina Miseq. 

The composition was determined using QIIME2 (https://qiime2.org/). The 16S rRNA data are 

available on the SRA at NCBI with BioProject ID PRJNA640161.  
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Visualization of PA14 growth on meat tissue surface.  

 

To visualize growth on the surface of the meat, we grew PA14-yfp in the static model for 

24 hours. The tissue was rinsed gently with 1X PBS to wash off excess cells from the surface. 

Confocal laser scanning microscopy (Zeiss LSM780) with 63X oil immersion was used to 

visualize PA14-yfp growth on the surface of the tissue. Dichroic beam splitters were used to filter 

laser lines at 488 nm and emission intensity was collected from YFP at 493-598 nm. The images 

were processed in Volocity software to show the 3D image of PA14-yfp growth on the tissue. 

 
Data availability.  

 

 16S rRNA amplicon sequence data were deposited on the National Center for 

Biotechnology Information (NCBI) sequence read archive under the BioProject accession 

number PRJNA640161 and can be found here: 

https://www.ncbi.nlm.nih.gov/bioproject/PRJNA640161/ . Metabolomics data and R scripts for 

statistical analysis are published on GitHub at https://github.com/joannlp/perfusion  

 
RESULTS 

 

Development of a novel perfused meat model. 

 

The goal of the perfused meat model was to create a three-dimensional in vitro model of 

bacterial community growth on an organic substrate resembling the wound environment to study 

the effects of antimicrobials on microbial growth and metabolism (Figure 1A,B). Perfusing the 

tissue with nutrients mimics the role of vasculature found in wound tissue; the flow rate of media 

can be tailored to mimic different tissue types and could be infused with different compounds of 

interest such as host-derived factors and therapeutics, including the antibiotics and reactive 

oxygen species used in the present study. Pictures of the perfusion setup are shown in 
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Supplemental Figure 1. Visualization of PA14-yfp on the surface of the meat indicates that this 

strain is able to grow on and adhere to the surface of the meat (Figure 1C). The use of steak as 

tissue provides important biological and structural or physical components that would not be 

present in a liquid culture model. Steak also has a native polymicrobial community, which was 

dominated in our samples by Enterobacteriaceae and Serratia (Figure 1D) but also included 

Lactobacillales, Carnobacteriaceae, Enterococcus, Lactobacillus, Leuconostoc, Lactococcus, and 

Ruminococcus bromii. In the following, we refer to this community as the meat background 

(MB). The microbes characterized in the meat background are also found as normal flora of the 

human gut, skin, oral cavity, and vagina, suggesting that the microbes native to the perfused 

meat model may represent relevant interactions for P. aeruginosa in infections in different types 

of communities. 

 

In the meat model experiments described below, we grew and analyzed communities 

composed of either the MB alone or the MB inoculated with one of two P. aeruginosa strains. 

We refer to each component using the following nomenclature: MB alone = “MB control”, 

community with PA14 and meat background = “PA14+MB”, community with PaFLR01 and 

meat background = “PaFLR01+MB”, PA14 in the presence of meat background = “PA14(MB)”, 

PaFLR01 in the presence of meat background = “PaFLR01(MB)”, meat background in the 

presence of PA14 =  “MB(PA14)”, and meat background in the presence of PaFLR01 = 

“MB(PaFLR01)”. We included clinical isolate PaFLR01 in order to explore whether the relative 

competition with the MB could be extended to a clinically relevant isolate in the context of 

treatment stress.  
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Impact of antimicrobial compounds on the growth of the P. aeruginosa and meat microbial 

background.  
 

In order to rationalize the use of media perfusion in our model, we first compared 

perfusion and static conditions for the MB control population in our meat model. The 

concentrations of antibiotics and hydrogen peroxide (mM range) were chosen based on those 

used in therapeutic treatment and, in the case of hydrogen peroxide, produced under 

physiological conditions (µM range) (Supplemental Table 1). The MB control population had 

significantly higher viable cell counts when grown in perfused media conditions compared to 

static conditions for all treatments – control, 327 mM (1%) hydrogen peroxide, carbenicillin, and 

gentamicin (Figure 2). All subsequent experiments were performed under perfused media 

conditions.  

 

To measure the effects of antimicrobials on polymicrobial communities in the meat 

model, we perfused carbenicillin, gentamicin, gentamicin plus hydrogen peroxide, and hydrogen 

peroxide alone through meat with MB only or PA14+MB or PaFLR01+MB communities and 

measured colony forming units per ml (CFU/ml) after 24 hours of incubation (see Materials and 

Methods). In the control conditions, without any antimicrobial treatment, the viable cell density 

(CFU/ml) did not significantly differ between either P. aeruginosa strain and their corresponding 

meat background community, indicating that the growth of one population did not inhibit the 

growth of the other (Figure 3). There were also no differences in growth between the MB control 

(no P. aeruginosa) and the P. aeruginosa associated MB populations (Figure 3). However, with 

the addition of antibiotics or hydrogen peroxide at all therapeutic concentrations, there was a 

significant decrease in the P. aeruginosa-associated MBs (MB(PA14) and MB(PaFLR01)), with 

the exception of the MB(PaFLR01) in carbenicillin (Figure 3 and hydrogen peroxide below 1% 
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in Supplemental Figure 2). On the other hand, the P. aeruginosa strains were not inhibited 

relative to the MB control in all above conditions, with the exception of PA14 in gentamicin 

(Figure 3).   

  

For additional therapeutically relevant treatments – combinations of both gentamicin and 

hydrogen peroxide (1%), there was a significant decrease in the MB(PA14) population compared 

to PA14 and MB control (Supplemental Figure 2) despite there being no significant difference 

for PA14 and MB(PA14) with gentamicin exposure alone. At H2O2 concentrations relevant to 

those naturally occurring in wounds during healing (0.05 – 0.5 mM) (Loo et al. 2012; D. Roy et 

al. 2006; Ojha et al. 2008), there were no significant differences between PA14 and MB(PA14) 

populations (Supplemental Figure 2). Significant differences between PA14 and MB(PA14) 

populations occurred at 1mM, 10 mM, 327 mM (1%), and 980 mM (3%) hydrogen peroxide 

(Supplemental Figure 2).  

 
Polymicrobial community volatile metabolism.  

 
To probe the metabolism of the polymicrobial community when exposed to 

antimicrobials, we detected volatile metabolites with vacuum assisted sorbent extraction (VASE) 

and quantified relative abundances of the analytes on a gas chromatography-mass spectrometer 

(GC-MS). Because PA14 and MB(PA14) were grown on the same tissue, we could not 

determine whether PA14 or one of the native bacteria produced each volatile metabolite in these 

samples. However, we did measure the volatile molecules emitted from the MB control 

community as a baseline for identifying changes in metabolism associated with the addition of 

PA14 and antimicrobials. In addition, we expect the volatile molecules associated with 

fermentation such as acetic acid, 2,3-butanedione, ethanol, acetaldehyde and others, to be more 



 

 

68

commonly associated with the meat microbial background than PA14, which does not ferment 

unless in the absence of alternative anaerobic respiratory nutrients such as nitrate, nitrite, or 

arginine 142–144. We also expected to detect core volatiles known to be produced by P. 

aeruginosa, including 2-nonanone, acetophenone, 2-aminoacetophenone, 2-butanone, dimethyl 

sulfide, dimethyl trisulfide, 2-heptanone, and others 145–147. 

 

We first used the VASE data to calculate the overall metabolite intensity for each 

treatment condition. In the control, carbenicillin, and hydrogen peroxide conditions, there were 

no significant differences in total ion intensity between MB control and PA14+MB communities 

(Figure 4). However, the total ion intensity of MB control was significantly higher than 

PA14+MB when exposed to gentamicin (p = 2.2×10-6) or gentamicin plus hydrogen peroxide (p 

= 0.034) (Figure 4). Interestingly, MB control growth was significantly higher than MB(PA14) 

with gentamicin and gentamicin plus hydrogen peroxide (Figure 3 and Supplemental Figure 2). 

Because more of the volatile signal may be coming from the MB control community, there may 

be changes in MB control growth associated with total ion intensity. For the PA14+MB 

community, low concentrations of hydrogen peroxide (50 – 100 µM) had the highest total ion 

intensity. As hydrogen peroxide concentrations increased, total ion intensity decreased (Figure 

4). There was a negative correlation between the µM concentrations of hydrogen peroxide and 

total ion intensity for the PA14+MB communities (Pearson’s correlation R = -0.9, p = 0.0024).  

 

Next, we used nonmetric multidimensional scaling (NMDS) to visualize similarities in 

volatile signatures produced by the different treatment conditions. Figure 5A shows a 

comparison of volatile signatures from models treated with various concentrations of hydrogen 
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peroxide. The control treatment for PA14+MB and MB control communities clustered together, 

with the exception of one outlier sample from PA14+MB on the bottom left. The MB control 

with 327 mM (1%) hydrogen peroxide was shifted away from the MB control treatment. 

PA14+MB with 327 mM (1%) and 980 mM (3%) hydrogen peroxide showed more distinct shifts 

away from the PA14+MB community control condition compared to PA14+MB community 

with lower concentrations of hydrogen peroxide (50-200 µM). One of the PA14+MB 50 µM 

hydrogen peroxide biological replicates, however, was more similar to PA14+MB 980 mM (3%) 

hydrogen peroxide than the control treatment.  

 

Antibiotic treatments distinctly altered the abundances of volatile compounds. Here, the 

PA14+MB and MB control communities formed distinct clusters (Figure 5B). Within the MB 

control cluster, there was less movement with the addition of gentamicin or carbenicillin. MB 

control communities with the addition of gentamicin and hydrogen peroxide were shifted away 

from the main MB control cluster. Treatments for the PA14+MB community were more 

dispersed than the MB control. The PA14+MB community treated with antibiotics formed 

distinct clusters with biological replicates in close proximity to each other. PA14+MB with 

carbenicillin was more similar to the PA14+MB control than to gentamicin and gentamicin plus 

hydrogen peroxide. Similar to the NMDS with hydrogen peroxide and control treatments, 

PA14+MB control had one sample cluster closer to PA14+MB treated with gentamicin than to 

the control treatment samples. In summary, antibiotics were driving changes in the volatile 

composition, whereas hydrogen peroxide did not appear to have as large of an impact.  
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Taking a closer look at the volatile molecules detected in each perfusion treatment 

condition, we saw that many highly abundant volatile metabolites were present across all 

conditions while some were more condition-specific (Figure 6). The classes of molecules we 

were able to detect included alcohols, aldehydes, aromatic compounds, carboxylic acids and 

esters, hydrocarbons, ketones, and sulfuric molecules. Acetophenone and 2-aminoacetophenone 

were mostly present only in PA14+MB community treatments and had significantly higher 

relative abundances in the PA14+MB community compared to the MB control community (p 

value = 6x10-5 and p value = 4x10-6, respectively; Figure 7). Additional metabolites that were 

significantly more abundant in PA14+MB than MB control were 2-nonanone and 2-butanone (p 

value = 0.006 and p value = 0.029, respectively; Figure 7). Across antibiotic and H2O2 treatments 

applied to the PA14+MB community, 2-aminoacetophenone and 2-butanone were significantly 

more abundant with carbenicillin compared to control (p.adj = 0.0066 and p.adj = 0.0041) and 2-

butanone was significantly more abundant with gentamicin + hydrogen peroxide treatment (p.adj 

= 0.03; Supplemental Figure 3). As for the MB control community, butanal, 2-methyl; butanal, 

3-methyl; heptanal; phenylethyl alcohol; and propanal,2-methyl were significantly more 

abundant in MB control than PA14+MB community (Figure 7). The MB control community had 

significant higher abundances of butanal, 3-methyl and propanal, 2-methyl in the gentamicin + 

hydrogen peroxide treatment compared to control (p.adj = 0.012 and p.adj = 0.042; Supplemental 

Figure 3). Thus, in addition to the global changes shown in Figure 4, we were also able to detect 

changes in individual metabolites across treatments, suggesting a combination of metabolites are 

important for identifying responses to antibiotics and hydrogen peroxide.  

 
DISCUSSION 
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The purpose of our study was to develop and test a novel three-dimensional in vitro 

perfusion meat model in order to study the effects of antimicrobials on polymicrobial 

communities in the presence of pathogens. The main questions this research addressed were: 1) 

how does the microbial community growth shift in response to antibiotics and hydrogen 

peroxide, molecules commonly present in a chronic wound and 2) how does metabolism change 

in response to these compounds? We investigated P. aeruginosa because of its widespread 

relevance in chronic infections. We were also interested in the native microbial community on 

the meat to model an infection in the context of a polymicrobial community and include the 

potential colonization of wounds by a background commensal population. We found that we 

were able to culture P. aeruginosa in a perfused media model and that there were growth and 

metabolic consequences on the polymicrobial community in response to antibiotic and hydrogen 

peroxide treatments.  

 

Our perfusion meat model is the first in vitro model to include the combined elements of 

tissue, flow, polymicrobial community growth, and volatile metabolomics to investigate bacterial 

community development in vitro. Past and current in vivo and in vitro models have greatly 

contributed to the understanding of wound healing physiology and biofilm structure, yet there are 

some important factors that we should take into consideration. A new review by Thaarup et al. 

highlights the pros and cons of the different model characteristics of current in vitro chronic 

wound models 148. Porcine skin is a widely used model for chronic wounds because it is more 

similar to human skin than rodent models 149–151. However, physiological differences between 

pig and human skin may confound results from pig skin models. For example, pig skin and hair 

follicles are less vascular and the sweat glands differ 151.  
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Although wound infections that reach skeletal muscle are rare and understudied in in vivo 

models 152,153, our choice of meat provides a novel framework which enables us to study 

microbial metabolism in a biologically relevant context in vitro. Examples of infections that 

reach muscle, resulting from abscess formation, trauma, or surgery, are called infectious myositis 

154,155. The types of agents in infectious myositis are bacteria, fungi, parasitic, and viral 154,155. 

There are currently no in vitro polymicrobial infection models in muscle tissue. Additionally, 

microbial biofilms are not studied widely in porcine skin models. The MB community in our 

model is a novel component as it likely comes from environmental contaminants and 

endogenous sources from the meat. One caveat of our study is the sequencing of the MB 

community from the static model, which identifies the microbes that grow on meat and the 

surrounding liquid. The microbes identified are likely to be the same as those that could grow on 

the surface of the meat in the perfusion model, but further isolate or metagenomic sequencing 

from the perfusion model will reveal characteristics of the background microbial community. 

Another concern is that as the meat comes from a commercial source, and we do not know what 

effect freezing (for storage) has on the microbiome or structure of meat and should be considered 

in future studies. 

 

Perfusion is an important biological process that may contribute to wound healing in 

infections. During the inflammatory phase in wound healing, essential cells (e.g. antibodies, 

white blood cells, growth factors, enzymes, and nutrients) reach the wounded area by blood 

vessel dilation. Following dilation, the tissue can receive oxygen and nutrients through the 

proliferation phase in which the network of blood vessels is restored by growth factors 
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(angiogenesis) 156. However, perfusion in chronic wounds is limited, resulting in low 

oxygenation and accumulation of harmful byproducts that delay healing 157. Having control over 

the perfusion rate and perfusion media in our model would be a step towards recapitulating the 

physiological role blood vessels play in mediating chronic infections. In addition, the model is 

amenable to microscopy and has throughput and research regulatory advantages over in vivo 

models. When comparing perfusion and static models, we observed significantly higher growth 

of the MB control population in the control, antibiotic, and hydrogen peroxide treatments under 

the perfusion model (Figure 2). A potential explanation for differences in growth in the MB 

control community is oxygen and nutrient availability in the perfusion model compared to the 

static model. As the static model was submerged in media, there was less oxygen and fewer 

nutrients available to the microbes underneath the surface of the liquid.  

 

The compounds perfused through the model included molecules relevant for treating 

chronic wound infections. Antibiotics and hydrogen peroxide are routinely used against  

bacterial infections, and hydrogen peroxide is also produced by the host during wound healing. 

Very early after injury, wounds with impaired healing contain increased levels of reactive 

oxygen and nitrogen species 130. Low levels of reactive oxygen species (ROS) act as essential 

mediators of intracellular signaling and regulate numerous signal transduction and gene 

expression processes 158. ROS at low concentrations lead to defense against invading pathogens 

and proper healing. In contrast, high levels of ROS clearly have the potential to complicate 

regeneration and remodeling of nascent tissue. ROS can cause damage by reacting with nucleic 

acids, protein and lipids and delay healing 130,159. In our perfusion model, we used physiological 

µM and therapeutic mM concentrations of hydrogen peroxide and observed that P. aeruginosa 
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cell densities reached around 109-1010 CFU/ml. These densities were not significantly lower than 

the MB control under these conditions, with the exception of PA14 in gentamicin. There was 

also a decrease in total ion intensity as concentrations of hydrogen peroxide increased (Figure 4), 

indicating a change in microbial metabolism in response to hydrogen peroxide exposure. The 

suppression of MB growth in the presence of both the lab-adapted PA14 and PaFLR01 clinical 

isolate of P. aeruginosa, and when exposed to antimicrobial compounds, suggests an interaction 

between the pathogen and MB populations that is triggered by exposure to the 

chemotherapeutics. Differences in MB growth inhibition in the presence of either PA14 or 

PaFLR01 depending on exposure to carbenicillin or gentamicin (Figure 3) may be due to 

differences in each strain’s response to each antibiotic. PaFLR01 is sensitive to carbenicillin and 

gentamicin at 20 µg/ml whereas PA14 is resistant to carbenicillin at 20 µg/ml and sensitive to 

gentamicin at 20 µg/ml (Figure S4). 

 

Metabolomic approaches have been extensively used to predict biomarkers of disease and 

bacterial colonization. The use of headspace metabolomics to capture volatile molecules is a 

powerful approach for capturing molecules that may act as important signals in a biological 

context and also as detectable biomarkers of the bacterial species and metabolic conditions. 

Common volatile compounds associated with P. aeruginosa that were detected in our study 

include acetophenone, 2-aminoacetophenone, dimethyl sulfide, dimethyl trisulfide, 2-butanone, 

2-nonanone, and others 125,145–147. However, only a subset of the volatile molecules associated 

with P. aeruginosa (acetophenone, 2-aminoacetophenone, 2-nonanone, and 2-butanone) were 

significantly higher in the PA14+MB community compared to the MB control community 

(Figure 7) and 2-aminoacetophenone and 2-butanone were significantly different across 
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treatments (Supplemental Figure 1). 2-aminoacetophenone has been widely associated with 

identification of P. aeruginosa 55,160,161, with quorum sensing 162,163, and with oxidative stress 152. 

In a murine skeletal muscle model, 2-aminoacetophenone produced by P. aeruginosa promotes 

mitochondrial dysfunction and reduced energy production 153 by inducing oxidative stress and 

apoptosis signaling pathways 152. 2-aminoacetopheone has also been shown to alter the host 

epigenome, enabling higher bacterial burden tolerance 164 and promotes chronic infection 162.  

Given the important role 2-aminoacetophenone plays in P. aeruginosa physiology, 2-

aminoacetophenone could be an important biomarker for monitoring antibiotic efficacy in P. 

aeruginosa. The conditions that lead to the production of specific microbially derived 

metabolites associated with infection provide insight into wound physiology and outcome.  

 

From a broader perspective of the volatile metabolome across all treatments, antibiotics 

had a greater influence on the volatile signature than hydrogen peroxide (Figure 5). The addition 

of carbenicillin, gentamicin, and gentamicin + hydrogen peroxide decreased the total volatile ion 

intensity detected in the PA14+MB community (Figure 4), while growth of the PA14 population 

was significantly higher than the MB(PA14) population for the carbenicillin treatment (Figure 

3). This implies there was a diminished microbial metabolic response to the treatments for the 

MB(PA14) population, suggesting that the bulk of the volatile signal may be coming from the 

meat microbial community. P. aeruginosa may be thriving in the stressful environment 

generated by exposure to the chemotherapeutics, and it is outcompeting its corresponding MB 

community, especially in the case with carbenicillin, hydrogen peroxide (1 mM to 980 mM), and 

gentamicin + hydrogen peroxide for PA14, and gentamicin and 327 mM (1%) hydrogen peroxide 

for PaFLR01 (Figure 3 and Supplemental Figure 1). Some possibilities for P. aeruginosa 



 

 

76

outcompeting the MB include cross-feeding changing the stress tolerance of P. aeruginosa, the 

MB may be more susceptible to antibiotics and hydrogen peroxide, or P. aeruginosa may be 

more adapted to more stressful environments than the MB. Lower concentrations (50 – 200 µM) 

of hydrogen peroxide, in the range of physiological concentrations, had higher ion intensities 

than the untreated controls, suggesting increased microbial metabolism. In addition, there were 

no significant differences in CFU/ml between PA14 and MB(PA14) populations for hydrogen 

peroxide conditions from 50-500 µM (Supplemental Figure 1). Together with the use of multiple 

volatile molecules to serve as a fingerprint for P. aeruginosa metabolism, understanding which 

organisms contribute to the bulk of the volatile signal is also informative for identifying changes 

in community physiology.   

 

 The perfusion meat model is promising for the study of clinical wound isolates in more 

physiologically relevant conditions. In chronic infections treated with antibiotics, an individual 

pathogen such as P. aeruginosa comes to dominate over time. In the present model, lab-adapted 

and clinical P. aeruginosa strains reached higher cell densities than their respective MB 

populations when treated with carbenicillin,  gentamicin, or hydrogen peroxide. The model may 

help us understand why common opportunistic pathogens thrive in infections despite treatment 

with antibiotics and reactive oxygen species. Furthermore, our goal of identifying microbial 

metabolism in response to different treatments is being realized with the use of volatile 

headspace analysis and metabolomics. Moreover, an important aspect of an in vitro model is 

accessibility. While our model surely does not recapitulate in vivo behavior in all cases, its 

ultimate utility is a function of both its ability to do so in some cases and its accessibility to other 

researchers, which we believe is an additional advantage of our model over others. For future 
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studies aimed at identifying biomarkers for wound chronicity, it is important to utilize 

metabolomics to identify changes in metabolism for more targeted therapies, and to use 

metagenomics for a species-specific investigation of how the microbial community affects how 

pathogens invade wounds. There may be antagonistic effects of the native MB microbiota in the 

meat against P. aeruginosa; isolate sequencing to identify the species level identity would allow 

us to further investigate the relationship between specific bacteria. The use of biologically 

relevant models, such as our perfusion meat model, would also advance the field for 

understanding polymicrobial interactions and metabolisms within a chronic infection.  
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FIGURES 

 

 
Figure 3.1. Schematic for the perfusion wound meat model. 
Perfusion setup with two flow regulators as described in the Methods. Briefly, the purpose of 
each of the flow regulators was to introduce flow of nutrients through the tissue and to remove 
excess media waste. Perforated tubing was threaded through the tissue to provide nutrients to the 
surrounding tissue. The end of the tube was capped, allowing the media to be released only 
through the pores on the tubing in the meat (also displayed in B). B) A closer look at the tissue 
with flow and microbial community growth from the perfusion model. C) A confocal image of 
the PA14-yfp growing on the surface of the tissue. The image was taken from the static model 
after 24 hours of growth. Bar = 20 µm. The tissue had a native microbial community, meat 
background (MB control), whose bacterial members are displayed in D). D). Amplicon 
sequencing was performed on MB control communities harvested from three replicates from the 
static model.   
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Figure 3.2. Perfusion and static model growth comparisons for the MB control community 
across antimicrobial treatments. The MB control community is the microbial background native 
to the meat. Treatments include control, 327 mM (1%) hydrogen peroxide, 50 µg/ml 
carbenicillin, and 20 µg/ml gentamicin. The closed circles represent the perfusion model and the 
open triangles represent the static model. Each point represents the average from at least three 
technical replicates from dilution plating for each biological replicate (N ≥ 3). Statistical testing 
was performed with ANOVA. Significance is indicated by asterisks.  * p < 0.05; ** p < 0.01; 
**** p < 0.0001.  
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Figure 3.3. Growth, in CFU/mL, of MB alone, P. aeruginosa strains [PA14, PaFLR01] and their 
corresponding MB communities [MB(PA14), MB(PaFLR01)] in the perfused media meat model. 
Each point is a biological replicate and represents the average of > 3 technical replicates from 
dilution plating. N ≥ 3 biological replicates for all conditions. Statistical testing was performed 
with ANOVA with post-hoc Tukey tests. Significance is indicated by asterisks. The asterisk and 
“ns” indicators on the top of the graph are significance tests of each population versus the MB 
control (no PA). The asterisks and “ns” indicators with bars below the data are comparisons 
between the populations connected by the bars. ns p > 0.05; * p < 0.05; ** p < 0.01; ***p < 
0.001.  
 



 

 

81

 
Figure 3.4. Total ion intensity of all volatile compounds. The PA14+MB community represents 
the microbial community on a meat sample with both PA14 and MB(PA14) populations. The 
MB control community is a meat sample with only the meat microbial background. Significant 
differences were found for gentamicin (p = 2.2x10-6, T-test) and gentamicin + H2O2 (p = 0.034, 
T-test). 
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Figure 3.5. Nonmetric multidimensional scaling (NMDS) plot of volatile signatures from the 
perfusion model from A) hydrogen peroxide conditions and the control and B) the antibiotic 
conditions and the control. The PA14+MB community represents the microbial community on a 
meat sample with both PA14 and MB(PA14) populations. The MB control community is a meat 
sample with only the meat microbial background. Each point represents an individual sample. N 
≥ 3 biological replicates for all treatments.  
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Figure 3.6. Heatmap showing clustering of relative abundances of volatile metabolites. 
PA14+MB represents the microbial community on a meat sample with both PA14 and 
MB(PA14) populations. The MB control community is a meat sample with only the meat 
microbial background. Metabolites were first normalized by total sample intensity. A Bray-
Curtis distance matrix was generated for clustering with the unweighted pair group method with 
arithmetic mean (UPGMA) method.  
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Figure 3.7. Relative abundances of metabolites significantly different between PA14+MB and 
MB control communities.  PA14+MB represents the microbial community on a meat sample 
with both PA14 and MB(PA14) populations. The MB control community is a meat sample with 
only the meat microbial background. The relative abundances are values resulting from 
normalizing by total sample intensity. Each point represents a biological sample. All treatments 
are represented in this figure. Statistical testing was performed with T tests. Significance is 
indicated by asterisks.  ** p < 0.01; *** p < 0.001; **** p < 0.0001. 
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Table S1. Biological and treatment relevant concentrations of hydrogen peroxide and gentamicin 
in wounds. 
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Figure S3.1. Images of perfusion experiment. A) Picture of the entire perfusion setup. Each 
pump controls the flow of either the waste or input media. B) A closeup of the perfused meat. 
One end of tubing is going through the meat tissue. The tubing on the lower left corner is 
removing the waste.  
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Figure S3.2. Growth summary of additional treatments for the perfusion model with MB control, 
PA14 and MB(PA14) populations. Note: MB control was not always included in these 
experiments. PA14 represents the colony counts of PA14 when grown with the meat 
background. MB(PA14) represents the colony counts of the meat microbial background when 
grown with PA14. MB(PA14) and PA14 colony counts come from the same tissue, but the 
counts for each do not overlap. MB control represents colony counts of the meat microbial 
background present on the meat. Each point represents the average from at least three technical 
replicates from dilution plating for each biological replicate. N >= 3 biological replicates for all 
conditions. Significance testing is performed with ANOVA with post-hoc Tukey tests. Ns p > 
0.05; * p < 0.05; *** p < 0.001; **** p < 0.0001.  
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Figure S3.3. Metabolites significantly different in the PA14+MB and MB control communities 
across treatments. A) Metabolites with a significantly higher relative abundance in the 
PA14+MB community than MB control community. B) Metabolites with a significantly higher 
relative abundance in the MB control community than the PA14+MB community. The data 
included for hydrogen peroxide are from experiments with 327 mM (1%) hydrogen peroxide. 
Significance testing is performed by pairwise comparisons between the control treatment and the 
antibiotic and hydrogen peroxide treatments with T tests and Benjamini-Hochberg corrections 
for multiple comparisons. Significance is indicated by asterisks. The lack of an asterisk indicates 
no significance. * p < 0.05; ** p < 0.01.  
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Figure S3.4. Minimum inhibitory curve endpoints for PA14 and PaFLR01. Optical density 
measurements for cell density were taken at 24 and 48 hour timepoints. Experiments were 
performed in 96-well plates. PA14 was grown in LB. PaFLR01 was grown in TH.  
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CHAPTER 4: 

 

Longitudinal insight into microbial community metabolism and composition in cystic 

fibrosis sputum 

 

Authors: Joann Phan, Joseph Kapcia III, Lisa Carmody, Linda Kalikin, Jason Rothman, Tara 
Gallagher, Lindsay Caverley, John LiPuma, Katrine Whiteson  

 
ABSTRACT 

 

Chronic infection of the airways is the leading cause for decreased quality of life and 

morbidity in subjects with cystic fibrosis. Longitudinal analyses of the airway microbiome and 

metabolome are important for understanding the transitions across clinical states and disease 

stages. In this study, we performed amplicon sequencing and untargeted metabolomics on 

expectorated sputum samples from two study cohorts consisting of 15 total subjects. The 

untargeted metabolomics methods included gas chromatography time-of-flight mass 

spectrometry, gas chromatography mass spectrometry to survey volatile molecules, and 

hydrophilic interaction chromatography mass spectrometry. We found that the majority of the 

variance in both the microbiomes and metabolomes was explained by subject rather than clinical 

state. Cross-sectional analysis of these study cohorts revealed that microbes with similar 

physiologies clustered together. Distinct groups of pathogens and anaerobes formed based on 

hierarchical clustering of correlations with metabolites. We also provide evidence that 

exacerbations within the same subject may be unique. Metabolites that were differentially 

abundant across clinical states also differed across independent clinical exacerbation events. This 

study and others alike show a need for longitudinal multi-‘omics characterization of the cystic 

fibrosis sputum and airway microbiomes in future studies. 

 
IMPORTANCE 

 
Elucidating microbial metabolisms and how they impact host physiology will aid in  
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better clinical decision making which may result in lower mortality and improved patient quality 

of life in individuals suffering from cystic fibrosis (CF). During disease progression in CF, 

airway microbial communities become pathogen-dominated; however, the progression towards 

pathogen dominance and the consequences for the existing microbes remains to be fully 

understood. Moreover, predictors of rapid clinical deterioration during pulmonary exacerbations 

(CFPE) are largely unknown. Applying microbial ecology, biochemistry, and genomics to study 

the CF airways may give us a better understanding of how to predict indicators of clinical state 

progression for more effective therapeutics and treatment timing.  

 

INTRODUCTION 

 

Cystic fibrosis (CF) is a recessive genetic disease that affects multiple organs throughout 

the human body. It is caused by a mutation in the CF transmembrane conductance regulator 

(CFTR), which in the airway, results in impaired mucociliary clearance and accumulation of 

thick mucus that creates an ideal environment for bacterial colonization 165–167. Periodically, 

patients experience intermittent episodes of inflammatory pulmonary exacerbation events 

(CFPE) that cause irreversible lung damage. CFPE triggers are still unclear and these events 

remain challenging to pre-emptively diagnose 168. The BETR classification was developed in 

order to partition clinical samples into defined periods of baseline, exacerbation, treatment, and 

recovery 169. Baseline samples may be difficult to classify because there is day-to-day variation 

and outliers of microbiome data within stretches of clinical stability 170. Treatment is an objective 

category, but may still be dependent on subject timing on antibiotic treatment administration and 

sample collection. Exacerbation events are difficult to diagnose and rely on subject symptoms 

including, increased coughing, breathlessness, decrease in appetite, discoloration of expectorated 

sputum, fatigue, and decrease in lung function 171. Ultimately, chronic infection of the airways is 
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the leading cause of mortality in subjects with CF 172,173. Investigating the airway microbial 

community’s role in CFPEs may lead to insights into the underlying nature of CFPEs, and what 

contributes to deteriorating health or worsened outcomes. Microbial community metabolisms 

may reveal triggers that may lead to changes in host physiology.  

 

Currently, there is a knowledge gap in how the airway microbial community affects 

clinical state progression in CF patients. The two main bacterial communities that coexist in CF 

airways typically include one community that is dominated by an opportunistic pathogen and 

another community comprised of facultative or obligate anaerobic species 11,63,169,174–176. These 

bacterial populations and other members of the airway microbiome are relatively stable across 

clinical states 1,2,169,177,178, and, furthermore, overall changes in microbial abundance or diversity 

are not predictive of CFPE events 1,2. Across a lifetime, pathogens dominate the microbial 

community, yet the triggers are largely unknown 169,174,179,180. Microbial community metabolisms 

may be contributing to changes that lead to short-term CFPE events and gradual lifelong 

progression of microbial community shift towards pathogen dominance. Thus, because changes 

in the CF microbial community composition are not associated with clinical state progression, 

additional approaches that look at finer-scale dynamics, such as microbial metabolism, are 

needed.  

 

The few studies that have considered the metabolism of CF microbial communities have 

shown that microbial metabolism in the CF airways is an important driver of disease progression. 

Several potential molecular biomarkers of CFPE resulting from changes in host or microbial 

metabolisms have been uncovered. In a cross-sectional study, the metabolites lactic acid and 4-
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hydroxycyclohexylcarboxylic acid in exhaled breath condensate were detected as discriminant 

features between subjects experiencing acute pulmonary exacerbations and stable subjects 4,181. 

In other examples, the metabolites pyruvate, lactate, and putrescine were differentially abundant 

in exacerbated sputum samples compared to stable subjects 11, and the volatile metabolite 2,3-

butanedione was found to decrease in exhaled breath during antibiotic treatment for pulmonary 

exacerbation for a subject in a longitudinal study 3. Lactic acid and 2,3-butanedione are potential 

biomarkers that may stimulate virulence and changes in antibiotic tolerance in pathogens in in 

vitro models and cause necrosis of airway epithelium in a murine model 7,31,56,182–184. To see if 

the potential biomarkers and their role in models reflect the microbial dynamics in vivo, more 

research has to be done and biological samples should be collected and analyzed from a larger 

population of subjects with CF. This need for fine-scale studies calls for longitudinal sampling 

and analyses that cover multiple –‘omics techniques, which may ultimately uncover the complex 

underpinnings of the microbiome and metabolome in CF disease progression.  

  

Currently, there are few studies where the microbiomes from adult CF subjects have been 

longitudinally characterized with single or multi-‘omics techniques 2,3,8,10,169,178,185–187. 

Longitudinal sampling with mulit-‘omics analyses towards the subject’s end of life revealed a 

pathogen dominated microbial community and metabolic indicators or virulence factors that 

were associated with significant lung function decline and fatal exacerbation 8,185. During early 

or intermediate disease stages, associations between the microbiome or metabolome and clinical 

or disease progression are more complex and difficult to interpret, where the microbial 

composition did not appear to significantly differ between stability and exacerbation time points 

in some subjects 2,28,169,177,178,188, while there were differences in the microbiome or metabolomes 



 

 

94

across clinical states in other subjects 2,3,187. These longitudinal studies demonstrate the 

personalized nature of each subjects’ microbiomes and how it relates to disease progression. We 

hope to contribute to the field by presenting our longitudinal study with multi-‘omics analyses of 

CF sputum.  

 

In the present study we sought to address three major questions: 1) how personalized are 

the microbiomes and metabolomes in the CF lung, especially during various clinical states, 2) 

how do the microbiomes and metabolomes change over time, and 3) do pulmonary exacerbations 

from the same subject differ over time? We present two longitudinal datasets from 15 different 

subjects with a total of 22 CFPE events. The first cohort consisted of 11 subjects with baseline, 

exacerbation, and treatment (BET) samples with a total of 13 BET sets. The second cohort 

consisted of 4 subjects with baseline and exacerbation samples with a total of 6 BE sets. We 

performed parallel analyses of the two sample cohorts to highlight longitudinal changes in the 

microbiomes and metabolomes in these subjects across time.  

 

RESULTS 

 

Two prospective study sample populations. We present two longitudinal sample 

cohorts. The first cohort consisted of 174 samples from 11 subjects (mean subject age = 45 

years) with samples collected over multiple days from each of three clinical states. The clinical 

states consisted of baseline, exacerbation, and treatment (BET) periods. In total, there were 16 

sets of BET in cohort 1. Three subjects from cohort 1 had multiple consecutive BET sets. The 

sample collection duration for the first cohort is a subset of samples that spanned a period of up 

to 572 days. For the samples presented in this study, the number of days for each BET set 

spanned an average of 34 days (range 21 to 76 days). Exacerbation and treatment samples were 
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consecutive, while following the baseline period samples by a minimum of 14 days. We 

performed 16S rRNA sequencing and metabolomics, including gas chromatography time-of-

flight mass spectrometry (GCTOF-MS) and headspace volatiles analysis on all samples for the 

first study cohort. There were 734 metabolites detected by GCTOF-MS; 185 were annotated and 

549 could not be annotated. GC-MS analysis of volatiles detected 39 annotated metabolites.  

 

The second sample cohort consisted of 216 samples from 4 subjects (mean subject age = 

31) with samples collected over multiple days from baseline and exacerbation periods only. In 

total, there were 6 sets of baseline and exacerbation samples in cohort 2. Two subjects had 

multiple consecutive BE sets. All samples were stored at -20°C. The number of days for each BE 

set spanned an average of 51.2 days (range 19 to 59 days). We performed 16S rRNA sequencing, 

GCTOF-MS and hydrophilic interaction chromatography (HILIC) mass spectrometry on all 

samples from study cohort 2. There were 556 metabolites detected with GCTOF-MS for cohort 

2; 118 were annotated and 368 could not be annotated. The HILIC data consisted of 4560 

metabolites, 301 of which were annotated and 4259 were unannotated. Subject demographics 

and sputum sample information for each study cohort are summarized in Table 1.  

 

The microbiomes were more subject-specific than the metabolomes. Study cohort 1 

had a diverse range of pathogens in the subject microbiomes, including Staphylococcus, 

Pseudomonas, Achromobacter, Burkholderia, Stenotrophomonas, and Haemophilus (Figure 1). 

The sputum microbiomes were surveyed across the clinical states of baseline, exacerbation, and 

treatment (Figure 1). Cohort 2 microbiomes had pathogens Staphylococcus, Achromobacter, and 

Haemophilus (Figure S1). Sputum microbiomes for cohort 2 were surveyed across the clinical 

states of baseline and exacerbation (Figure S1). Non-metric multidimensional scaling (NMDS) 
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analysis revealed subjects formed distinct clusters based on microbiome (Figure 1B and S1B) 

and formed overlapping clusters based on GCTOF-MS metabolome diversity (Figure 1C and 

S1C). HILIC metabolomes formed distinct clusters based on subject for cohort 2 (Figure S1D).   

 

To assess how much variation was attributed to the subject, a permutational multivariate 

analysis of variance (PERMANOVA) was performed on all samples from each dataset. Subject 

explained 87% of the variation in the microbiome data (PERMANOVA, p ≤ 0.001; Table 2) for 

cohort 1 and 74.4% of the variation for cohort 2 (PERMANOVA, p ≤ 0.001; Table S2). 

Compared to the microbiome data, the metabolomes for cohort 1 had less variation explained by 

subject alone (GCTOF-MS: r2= 0.15, p ≤ 0.001; volatiles: r2 = 0.34, p ≤ 0.001; Table 2). 

Similarly for cohort 2, when compared to the microbiome data, less variation was explained by 

subject; however, the amount of variation explained was higher than in cohort 1 (GCTOF-MS: r2 

= 0.53, p ≤ 0.001; HILIC: r2 = 0.27, p ≤ 0.001; Supplemental Table 1).  

 
Next, we assessed how much variation was attributed to clinical state. For cohort 2, 

significant variation in the microbiome was explained by the clinical states baseline and 

exacerbation (PERMANOVA, r2 = 0.009, p = 0.002; Supplemental table 1). Clinical state did 

not explain significant variation in either of the GCTOF-MS or HILIC metabolome datasets for 

cohort 2. To compare the results across cohorts, a PERMANOVA was repeated on cohort 1 

using only samples from baseline and exacerbation clinical states (Table 2). Although clinical 

state was not a significant contributing factor to variance in the microbiome for cohort 1, clinical 

state explained approximately 3% of the variation (PERMANOVA, p ≤ 0.005) across each 

pairwise clinical state comparison in the GCTOF-MS metabolome (Table 2). With each subject 

samples as input into the PERMANOVA model, only a subset of subjects had significant 
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variation explained by clinical state (Supplemental table 2). Because a large proportion of 

variation was attributed to the subject, we proceeded with analyses focusing on each individual 

rather than grouping all subjects together.  

 

Mean Bray-Curtis similarity and the Shannon index were tracked over time to see 

whether changes in the metabolome or microbiome were associated with clinical state 

progression within each subject. The 95% confidence interval was calculated in order to 

determine whether a sample was an outlier, which may indicate microbial or metabolic 

differences that differentiates it from other samples. In Subject 1 with BET set C, two 

microbiome samples were outliers during time of exacerbation and one metabolome sample was 

an outlier during treatment following an exacerbation (Figure 2). In subject 5, two metabolome 

samples were outliers during exacerbation during BET set B (Figure 2). In set C (subject 5), 

there were two outlier samples, but one was during baseline while the other was during 

exacerbation (Figure 2). In cohort 2, outlier samples occurred at both baseline and exacerbation 

timepoints (Figure S2). For subject 17 BE set B, outlier samples were exclusively at the time of 

exacerbation (Figure S2). For the Shannon index, outlier samples also occurred at baseline and 

exacerbation samples (Figure 3). For subject 1 BE set C, subject 5 BE set A and B, subject 12, 

and subject 13, outlier samples were during exacerbation or during treatment (Figure 3). Baseline 

outlier samples were prevalent in subject 4, 6, 11, 17 BE set A, 20, and 23 BE set A (Figure 3 

and S3).  

 
Next, chemical classifications were assigned to the metabolome (GCTOF-MS and 

HILIC) data using ClassyFire or manually (for volatiles) to see if there were overall changes in 

metabolome composition across time for each subject. The changes in chemical composition 
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were more apparent across clinical state in cohort 1 than in cohort 2 (Figure 4 and S4). For 

cohort 1 GCTOF-MS metabolomes, the chemical superclass organic acids and derivatives was 

removed in order to see changes in the lower abundant chemical superclasses. The relative 

abundances of each chemical class were averaged across each clinical state assignment within 

each subject. For subjects 4, 5, 9, 10, 11, and 12, the relative abundances of different classes 

appeared to change across clinical state (Figure 4). Organic oxygen compounds increased as time 

progressed for subjects 4 and 9 BET set B (Figure 4). The trend was not the same for subject 9 

during BET set A (Figure 4). The volatile metabolome chemical classifications fluctuated within 

each subject across time (Figure 4). There was a decrease in sulfuric compounds and an increase 

in ketones across time in subject 4 (Figure 4). Carboxylic acids/esters were in lower abundance 

during exacerbation compared to baseline or treatment for subjects 5 and 10 (Figure 4).   

 

Correlations between microbiomes and metabolomes reflect the microbial 

community physiology of the CF airways. Correlations between relative abundances of 

metabolites and microbes may indicate if there are microbes with similar physiologies. When 

testing for correlations between abundances of the top 20 microbes and metabolites (detected by 

GCTOF-MS) from each cohort in a cross-sectional analysis, the results reflected the roles of 

different microbes in the airways. Hierarchical clustering of correlations reveal pathogens 

typically clustered together while anaerobic species clustered together in a separate cluster. The 

same hierarchical clustering of the microbes was observed when we correlated the entire 

GCTOF-MS dataset (data not shown) and when correlating a subset of the metabolites that were 

significantly correlated to the top 20 microbes (Figure 5). For both cohorts, Staphylococcus 

clustered separately from the other microbes (Figure 5 and S5). In cohort 1, one cluster contained 
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pathogens Achromobacter, Escherichia, Stenotrophomonas, and Pseudomonas (Figure 5). While 

Fusobacterium and Prevotella are considered anaerobes, the metabolite correlations indicated 

that their associated metabolites were more similar to those of the pathogens. The other cluster 

contained facultative or obligate anaerobes (Figure 5).  

 
In cohort 2, significant correlations from the top 20 microbes and GCTOF-MS data 

revealed two different anaerobe clusters (Figure S5). When we tested for correlations between 

the top 20 microbes and all metabolites from the HILIC metabolome from cohort 2, 

Staphylococcus clustered with Gemella and distantly clustered with Streptococcus, Veillonella, 

Prevotella, Rothia, and Fusobacterium (Figure S6). However, there were no significant 

correlations between the metabolites from the HILIC data and the top 20 microbes so all 

metabolites were included in the correlation heatmap. 

 

Co-occurrence analysis of presence/absence between the top 20 microbes indicated that, 

on most occasions, pathogens did not co-occur with other pathogens whereas anaerobes typically 

did co-occur with other anaerobes. Facultative or obligate anaerobes co-occurred or had random 

co-occurrences in the sputum microbiomes in cohort 1, except for Gemella and Parvimonas 

which did not co-occur (Figure 5). In cohort 2, most anaerobic microbes co-occurred or had 

random co-occurrences except for the case with Streptococcus_3, which did not co-occur with 

Prevotella, Gemella, Fusobacterium, or Prevotella_6 (Figure S5).  

 

Correlations between relative abundances of metabolites and microbes may also indicate 

consumption or production of metabolic products or host damage. With combined information 

from significant correlations and co-occurrences, we can speculate possible metabolic 
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interactions. Amino acids cyanoalanine, methionine, cysteine, n-epsilon-trimethyllysine, 

histidine, asparagine, tryptophan, phenylalanine, and o-acetylserine were positively correlated to 

Staphylococcus abundances and were negatively correlated to the abundances of Rothia and 

Veillonella and other microbes in the cluster (Figure 5). The alcohols dodecanol and glycerol, 

and acids alpha ketoglutarate and myristic acid, were positively correlated with abundances of 

Rothia and Veillonella but were negatively correlated to Staphylococcus abundances (Figure 5). 

In cohort 2, the acids and metabolites that negatively correlated with Staphylococcus abundances 

were positively correlated with abundances of Veillonella, Streptococcus, Granulicatella.98, 

Prevotella, Rothia, Gemella, and others (Figure S5). The amino acids positively correlated with 

Staphylococcus abundances were negatively correlated with abundances of the oral microbes or 

anaerobes (Figure S5).  

 

Next, we tested for correlations between metabolites that were significantly correlated 

with the top 20 most abundant microbes to see if there were any metabolite interactions that 

could infer pathway information. In cohort 1, the abundances of several amino acids were 

positively correlated (Figure 5). Dodecanol, a fatty alcohol, was negatively correlated with many 

of the amino acids and acids (Figure 5). In cohort 2, amino acids were positively correlated with 

each other, while negatively correlated with acids and sugars (Figure S5).  

 

Independent pulmonary exacerbations events from the same subject may be unique. 

Because there were no obvious changes across alpha and beta diversity indices and chemical 

classifications, we performed differential analysis to see which metabolites were differentially 

abundant across clinical states within each subject. We specifically investigated the differentially 

abundant metabolites in subjects with multiple sets of BET (cohort 1) or BE (cohort 2) samples 
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to see if changes were consistent across different events and time. Samples collected from 

subjects 1, 5, and 9 from cohort 1 and subjects 17 and 23 from cohort 2 spanned multiple 

exacerbation events. The metabolites from subject 5 that were differentially abundant across 

clinical states were 2-hydroxybutanoic acid, 3-(4-hydroxyphenyl)propionic acid, tyrosol, and 

unannotated metabolites 100841, 119023, and 8240 (Figure 6). When the relative abundances of 

the metabolites were visualized over time across multiple BET sets, the relative abundances of 

each metabolite changed across different BET sets (Figure 6). Metabolite 100841 was elevated 

during each baseline period. Tyrosol, 2-hydroxybutanoic acid, 3-(4-hydroxyphenyl)propionic 

acid, and 119023 were higher in one out of the three exacerbation periods. See Figures S7 and S8 

for additional metabolites in other subjects.  

 

DISCUSSION 

 

In our analysis of 15 subjects from two cohorts, we found that the sputum microbiomes 

and metabolomes were highly subject-specific. In addition, metabolites that were differentially 

abundant during exacerbation did not always appear consistently across different exacerbation 

events within the same subject. In the longitudinal analyses, outlier samples occurred during 

each of the baseline, exacerbation, and treatment clinical state samples for the Bray-Curtis 

similarity metric and Shannon index of microbiome and metabolome datasets. In the cross-

sectional analyses, correlation and co-occurrence analyses supported previously identified 

microbial community compositions in the CF airways 11,175,176,189,190. There were two main 

communities that consisted of a pathogen and anaerobic species, where microbes clustered based 

on similar metabolic physiologies. Additionally, opportunistic pathogens did not co-occur in the 

airways whereas oral microbes or anaerobes often co-occurred in the CF airway microbiomes. 
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Correlations between microbes and metabolites may indicate consumption, production, or cross-

feeding of amino acids and acids between members of the airway microbiome.  

 

The microbiomes and metabolomes are personalized. As the microbiomes were 

largely subject-specific, cross-sectional studies may not be ideal for identifying universal 

biomarkers of clinical state or disease stage progression in subjects with CF 188. In our study, 

subject accounted for more of the variation explained in the microbiomes than in the 

metabolomes. The variation explained by the subject accounted for over 74% of the variation in 

the microbiome for both cohorts (Table 2 and S1). Interestingly, although subject-specific, there 

was notable overlap between subject metabolomes based on NMDS ordination. In example, 

several subjects from cohort 1 clustered together even though their microbiomes were largely 

different, while some subjects from cohort 2 clustered together while having some differences in 

relative abundances of common microbes. Because it is unclear whether there may be common 

metabolic similarities between subjects with different microbiomes, longitudinal sampling of 

subjects across time is an ideal metric for current and future studies in order to capture fine-tuned 

differences across clinical state and disease stage progression.  

 

Longitudinal sampling indicates overall stability of microbiomes and metabolomes 

across the time span of months. Longitudinal analyses of the two cohorts in this study indicated 

outliers occur in baseline, exacerbation, and treatment samples, yet we do not understand what 

contributes to the variances in the microbiomes and metabolomes and whether this variability 

has consequences for subject health. We calculated Shannon and Bray-Curtis similarity indices 

in order to capture large changes in the microbiome and metabolome across clinical states. We 

expected outlier samples would appear during periods of exacerbation or treatment. In some 
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instances, outlier samples did occur at exacerbation or treatment, but also during baseline. In 

some subjects, there were no outlier samples in either microbiome or metabolome, even across 

multiple BET sets. For example, mean Bray-Curtis similarities for subjects 4, 6, and 10 did not 

contain outliers (Figure 2). There were also no outliers for Shannon indices for subjects 9 (across 

two BET sets) and 10 (Figure 3). The absence of outliers in some subjects indicate overall 

stability across the sampling periods. This does not indicate that there were no smaller scale 

changes in the microbiome or metabolome across time.  

 

 When considering longitudinal sampling of subjects with CF, it is important to take into 

consideration the caveats with clinical state classification. In addition, there were two cohorts 

included in this study that were different in storage temperature duration and in the clinical state 

sample availability. From cohort 1, baseline samples were chosen based on having been stored 

for a similar number of  days at 4 ºC and there was an average of 20.25 days (range from 1 to 49) 

between baseline and exacerbation samples. Samples from cohort 2 were all stored at -20 ºC and 

the number of days between baseline and exacerbation samples was lower, with an average span 

of 4.7 days (range from 1 to 19). The purpose for the longer duration between baseline and 

exacerbation samples in cohort 1 was to make sure the baseline samples were distinct from the 

exacerbation samples. While the collection days in cohort 2 were more consecutive, which 

enabled us to see whether there were changes leading up to exacerbation, we were still unable to 

clearly and consistently distinguish changes in the microbiome and metabolome across clinical 

states. Due to the caveats of clinical state classification and study design, there may be noise in 

the data that makes it hard to reveal changes that contribute to clinical state progression over a 
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relatively short time period (months to years) when determining larger scale metrics such as 

alpha or beta diversity.   

 
Pulmonary exacerbation events may be unique. Finer scale analyses of the 

metabolomes indicated shifts in relative abundances of chemical classes across clinical states 

within subjects that revealed changes in microbial community physiology. For example, the 

relative abundance of organic oxygen compounds increased over time in subjects 4 and 9 (for 

second BET set; Figure 4). Organic oxygen compounds include sugar alcohols, 

monosaccharides, aminosaccharides, and other carbohydrates that may come from diet. Fructose, 

palatinitol, and sorbitol were higher during the second exacerbation clinical state in subject 9 

compared to the other days sampled (Figure S8). Although increases in the sugar compounds 

may originate from diet, their detection in sputum indicates additional carbon sources for the 

microbial community. At the same time, there was a reduction in organic acids and derivatives, 

which included amino acids and peptides. An increase of carbohydrates and decreased 

abundances of amino acids indicates a change in availability of nutrient sources for the microbial 

community in sputum. In addition, glucose was associated with polymorphonuclear neutrophils 

191, which are more abundant during pulmonary exacerbations 192,193.  

 

Changes in nutrient availability and metabolism may be captured in the volatiles data. In 

subject 4, there was an increased abundance of ketones including 2,3-butanedione and acetoin, 

molecules resulting from glucose fermentation. The metabolite 2,3-butanedione is produced by 

anaerobes in the airways 3,60. The metabolite 2,3-butanediol produced in the same pathway has 

been shown to induce virulence in Pseudomonas aeruginosa 7,31,182. In the second BET set for 

subject 9, there was an increase in abundances of carboxylic acids (CA) or esters (EST) at the 
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treatment timepoint. Volatiles in the CA/EST class included the short chain fatty acids acetic 

acid, butanoic acid, and propanoic acid, which result from fermentation of carbohydrates. Short 

chain fatty acids in the airways induce an inflammatory response in host epithelial cells 194,195. In 

subject 15, Escherichia coli was one of the dominant bacteria in the microbiome (Figure 1). At 

the treatment timepoint, there was an increase in sulfuric compounds, including dimethyl 

sulfoxide. Dimethyl sulfoxide may be contributing to E. coli anaerobic growth as a terminal 

electron acceptor 196. Although these are speculations as to what may be occurring in the CF 

airways for these particular subjects, further research with coupled metabolomics and 

metagenomic pathway analysis may clarify microbial community metabolism.  

 

Changes in the relative abundances of differentially abundant metabolites suggest 

different exacerbation events within a subject may not be similar. Figure 6 presents six 

differentially abundant metabolites across clinical states, three of which were annotated 

metabolites for subject 5. The metabolite 2-hydroxybutanoic acid or also known as alpha-

hydroxyburtyrate is derived from alpha-ketobutryate, which is a biomarker for insulin resistance 

and glucose intolerance and is associated with oxidative stress 197. It has also been described as a 

potential plasma biomarker for diabetes mellitus 198 and ketoacidosis 199. As ketoacidosis is rare 

in type 2 diabetes and CF related diabetes, but is common in type 1 diabetes 200, subject 5 may 

have type I diabetes and had suffered ketoacidosis during the first collected pulmonary 

exacerbation event (Figure 6). The metabolite 3-4(-hydroxyphenyl)propionic acid, also known as 

desaminotyrosine, is associated with tyrosine metabolism and has been found to be produced by 

Pseudomonas in vitro 201. Tyrosol, the other annotated metabolite that was differentially 

abundant across clinical states, is produced through tyrosine decarboxylation 202. The metabolite 
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3-4(-hydroxyphenyl)propionic acid increased in abundance during the second pulmonary 

exacerbation event, coinciding with the microbiome data, where there was an increase in 

Pseudomonas relative abundance at the same timepoint. There was also an increase in the 

relative abundance of Pseudomonas during the third baseline period, but there was no 

corresponding 3-4(-hydroxyphenyl)propionic acid signature. The differentially abundant 

metabolites indicate that there may have been different triggers that were associated the different 

pulmonary exacerbation events in subject 5.   

 

Cross-sectional analysis reveal microbial physiologies. Microbial interactions in the 

airways are a result of metabolic interactions that help shape the community. With a diverse set 

of microbiomes from cohort 1, we inferred cross-sectional correlations between microbes and 

metabolites, co-occurrences of common airway microbes, and correlations between metabolite 

abundances. Amino acids were positively correlated with Staphylococcus abundances and were 

negatively correlated with abundances of Rothia, Granulicatella, Gemella, Streptococcus, and 

Veillonella (Figure 5). In glucose and nutrient limiting conditions, Staphylococcus can degrade 

host proteins 203, including collagen, peptides, and amino acids derived from the host for growth 

or survival 204–206. Positive correlations between Staphylococcus and amino acids indicate 

catabolism of host peptides, releasing amino acids that may be consumed by the microbes in the 

microbial community.  

 

Next, based on the microbial clusters formed by metabolite correlations, Burkholderia 

has a physiology more closely associated with anaerobes than the common pathogens and 

Prevotella, and may occupy two different niches. Burkholderia is associated with rapid health 
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deterioration in patients, is resistant to many antibiotics, and is one of the first CF pathogens 

shown to transmit from person to person 207–210. The airway metabolisms of subjects infected 

with Burkholderia compared to other common CF pathogens is understudied and further research 

is needed to understand its physiological role in CF. Although Prevotella is not considered a 

common CF pathogen, it’s prevalence, resistance to antibiotics, and microbial interactions may 

contribute to pathogenicity 187,211–213.  

 

Finally, correlations between metabolites showed that dodecanol was negatively 

correlated with other metabolites. Dodecanol may come from diet (coconut or coconut oil) 214 or 

by volatile production by Escherichia, Klebsiella, Lactococcus, and Leuconstoc 215. Dodecanol 

was correlated with Prevotella_6, Prevotella_7, Atopobium, Rothia, Granulicatella, 

Capnocytophaga, Gemella, Burkholderia, Porphyromonas, Streptococcus, Veillonella, and 

Lachnoanaerobaculum and was negatively correlated with Staphylococcus. It has been shown to 

inhibit Staphylococcus growth 216,217. Dodecanol, whether originated from diet or a microbial 

source, may play a role in shaping the microbial community by controlling the growth of 

pathogens such as Staphylococcus  216,217 or impacting fungal physiology 218–220.  

 

In conclusion, longitudinal sampling with multi-‘omics analyses will provide insight into 

microbial community physiology and how it may influence clinical state or disease stage 

progression in subjects with CF. The use of multiple mass spectrometry techniques will allow 

capture of different classes of molecules that are not captured with a single method, which may 

aid in better understanding the relationships between microbial metabolism and CF. In this study, 

we used GCTOF-MS that captures primary metabolites, GC-MS to capture volatile molecules, 
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and HILIC to capture lipids and molecules associated with host metabolism. Changes in the 

relative abundances of metabolite classes in the GCTOF-MS and possible metabolic outcomes 

may have been captured in the volatile metabolite data. Due to the limitations of individual 

metabolomics platforms, analyzing metabolites with several different approaches allowed us to 

discover metabolites that we may not have been able to capture with a single method. 

Differential analysis of metabolites across clinical state revealed that pulmonary exacerbation 

events may have different triggers within a subject across time. Metabolic integration with 

sequencing data provides additional information about microbial community function. While we 

only had 16S rRNA amplicon sequencing data, microbiome characterization is still important to 

capture the individualized nature of this disease and allowed us to infer microbial metabolic 

interactions in the airway communities. Future investigation with multi-‘omics methods, 

including metagenomics or metatranscriptomics of longitudinal CF sputum samples, will further 

elucidate the changes in microbial metabolisms and how it relates to subject health.  

 

MATERIALS AND METHODS 

 

Study Population and Sample Collection. Cohort 1 included 11 subjects that produced 

16 sets of baseline, exacerbation, and treatment sputum samples for a total of 174 samples. A 

subset of subjects (3 – subjects 1, 5, and 9) each had multiple BET sets. Sputum samples were 

stored at 4 ºC for up to one month. Baseline samples were selected based on matched days at 4 

ºC. Cohort 2 included 4 subjects with 6 sets of baseline and exacerbations with a total of 205 

sputum samples. Selected samples selected were taken 1-60 days prior to the start of treatment 

antibiotics and were more than 21 days from the previous treatment period. All samples were 

stored at -20 ºC.  
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Metabolomics. Gas chromatography time-of-flight mass spectrometry (GCTOF-MS) and 

hydrophilic interaction chromatography (HILIC) were performed at the UC Davis West Coast 

Metabolomics Center. GCTOF-MS analysis of dataset 1 was performed with 50 ul of sputum. 

GCTOF-MS and HILIC analyses of dataset 2 were performed with 20 ul of sputum. Volatile 

metabolomics was performed with vacuum assisted sorbent extraction (VASE) coupled with gas 

chromatography mass spectrometry (GC-MS) on an Agilent 7890A GC and 5975C inert XL 

MSD with Triple-Axis Detector instrument with a DB-624 column. For VASE, 15 ul of sputum 

was extracted for 18 hours at 37 ºC with 235 rpm agitation. Following extraction, vials were 

placed on a metal block equilibrated at -20 ºC for 10 minutes to remove water from the 

headspace. A single sample at each clinical state timepoint was extracted with technical 

replicates. The relative abundances of each technical replicate were averaged to represent a 

sample at each clinical state (Figure 4).  

 

FIGURES AND TABLE LEGENDS 
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Figure 4.1. A) Microbial composition of sputum communities across time. The number above 
each figure is the subject ID. Taxa included are the top 12 most abundant genera and category 
‘other’, which comprises all other less abundant genera. B is baseline, E is exacerbation, and T is 
treatment. Each column is a timepoint; days may not be consecutive. NMDS plot of the sputum 
B) microbiomes and C) metabolomes (GCTOF-MS). Marker color and shape indicate subject ID 
and clinical state, respectively.   
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Figure 4.2. Longitudinal Bray-Curtis similarity of the metabolomes and microbiomes. Grey 
boxes indicate exacerbation samples. Data points preceding exacerbation are baseline samples, 
while points following are considered treatment. Panel titles indicate subject ID and BET set. 
Orange markers indicate metabolome data and blue markers indicate microbiome data. Marker 
shape shows whether the sample falls within (circle) or outside of (triangle) the 95% confidence 
interval. The 95% confidence interval was calculated within each individual, including multiple 
BET sets if available. 
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Figure 4.3. Longitudinal Shannon Index of metabolome and microbiome. Grey boxes indicate 
exacerbation samples. Data points preceding exacerbation are baseline samples, while points 
following are considered treatment. Panel titles indicate subject ID and BET set. Orange markers 
indicate metabolome data and blue markers indicate microbiome data. Marker shape shows 
whether the sample falls within (circle) or outside of (triangle) the 95% confidence interval. The 
95% confidence interval was calculated within each individual, including multiple BET sets if 
available. 
 
 
 
 
 
 
 
 
 

A. Stacked barplots of GCTOF-MS 
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B. Stacked barplots of volatiles data 
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Figure 4.4. Stacked bar plots of metabolomes. A) Organic acids and derivatives, the superclass 
that makes up the majority of the metabolomes, was not included to show differences in the less 
abundant categories. B) Volatile metabolites. Classifications include ALC = alcohols, ARO = 
aromatics, ETH = ethers, KET = ketones, ALD = aldehydes, CA/EST = carboxylic acids or 
esters, HC = hydrocarbons, S = sulfuric compounds. Each panel is a different BET set. Letters 
associated with Subject IDs indicate different BET sets from the same individual. 
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Figure 4.5. Correlations and co-occurrences between features of the metabolomes and/or 
microbiomes. A) Spearman correlation heatmap of the top 20 most abundant microbes and 
significantly correlated metabolites (GCTOF-MS). Spearman correlations were first performed 
on > 700 metabolites and the top 20 microbes. After selecting for significant correlations (p < 
0.05), metabolites were then assessed with linear mixed effects models and analysis of variance 
on the linear models to select for the metabolites included in this figure. B) Co-occurrence 
analysis based on the presence and absence of the top 20 microbes. C) Spearman correlations 
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between metabolites whose abundances were significantly correlated with the top 20 microbes 
(shown in ‘A’). 
 
 
 
 

 
 

 

Figure 4.6. Metabolites whose abundances varied across clinical states in Subject 5. 
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Figure S4.1. A) Sputum microbiomes from cohort 2. There were 4 subjects with 6 sets of 
baseline and exacerbation samples. Numbers above each panel indicate the subject ID. B = 
baseline and E = exacerbation. NMDS analysis of B) microbiomes, C) GCTOF-MS 
metabolomes, and D) HILIC metabolomes. 
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Figure S4.2. Longitudinal mean Bray-Curtis similarities from metabolomes and microbiomes for 
cohort 2. Color indicates the different type of data – microbiome (orange), GCTOF-MS 
metabolome (blue), and HILIC metabolome (green). Shape indicates whether the sample lies 
within (circle) or outside (triangle) of the 95% confidence interval. Grey boxes indicate 
exacerbation samples. Data points preceding exacerbation are baseline samples. Panel titles 
indicate subject ID and BE set. The 95% confidence interval is calculated within the individual, 
including multiple BE sets if available.   
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Figure S4.3. Longitudinal Shannon index from the microbiomes and metabolomes of cohort 2. 
Color indicates the different type of data – microbiome (orange), GCTOF-MS metabolome 
(blue), and HILIC metabolome (green). Shape indicates whether the sample lies within (circle) 
or outside (triangle) of the 95% confidence interval. Grey boxes indicate exacerbation samples. 
Data points preceding exacerbation are baseline samples. Panel titles indicate subject ID and BE 
set. The 95% confidence interval is calculated within the individual, including multiple BE sets if 
available.   
 
 
 
 
 
 
 
 

A. Stacked barplots of GCTOF-MS for phase 2 
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B. Stacked barplots of HILIC for phase 2 
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Figure S4.4. Metabolome composition by class classification for cohort 2. Metabolomes for 
dataset 2 based on A) GCTOF-MS and B) HILIC data.   
 

Figure S4.5. Correlations and co-occurrences between features of the metabolomes and 
microbiomes of cohort 2. A) Spearman correlation heatmap of the top 20 most abundant 
microbes and significantly correlated metabolites (GCTOF-MS). Spearman correlations were 
first performed on 556 metabolites and the top 20 microbes. After selecting for significant 
correlations (p < 0.05), metabolites were then assessed with linear mixed effects models and 
analysis of variance on the linear models to select the metabolites to include in this figure. B) 
Co-occurrence analysis based on presence and absence of the top 20 microbes. C) Spearman 
correlations between metabolites whose abundances were significantly correlated with the top 20 
microbes (shown in ‘A’). 
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Figure S4.6. Spearman correlation heatmap of the top 20 most abundant microbes and 
metabolites obtained using HILIC for cohort 2. The correlation includes 4560 metabolites (301 
annotated and 4259 unannotated). There were no significant correlations between the top 20 
microbes and metabolites from HILIC analysis.   
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B. Subject 23 
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Figure S4.7. Longitudinal relative abundances of metabolites whose abundances differed 
baseline and exacerbation for study cohort 2.  
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A. Subject 1. 

 
 

B. Subject 9. 
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Figure S4.8 . Metabolites that differed in abundance across clinical states for subjects with 
multiple BET sets from cohort 1. 
 

Table 4.1. Subject demographics. (Note: New subject IDs not implemented in figures yet.)  
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11 8 55 Intermediate 12 1 1 

12 9 30 Intermediate 9 1 1 

13 10 33 Intermediate 16 1 1 

15 11 43 Advanced 14 1 1 

17 12 31 Early 66 2 2 

18 13 26 Advanced 34 1 2 

20 14 22 Early 45 1 2 

23 15 51 Intermediate 71 2 2 

 
Table 4.2. Permanova tests for each subject and clinical state. All clinical states are included.  
 
Cohort 1:     

BE BE ET ET BT BT   
DF R2 P value R2 P value R2 P value 

16S rRNA Subject 10 0.88 0.001*** 0.87 0.001*** 0.88 0.001*** 
16S rRNA Clinical State 1 0.001 0.342 0.001 0.753 0.002 0.116 
16S rRNA Subject:Clinical 

State 
10 0.015 0.005*** 0.02 0.091. 0.02 0.001*** 

GCTOF-
MS 

Subject 10 0.27 0.001 
*** 

0.27 0.001*** 0.23 0.001*** 

GCTOF-
MS 

Clinical State 1 0.03 0.001*** 0.04 0.001*** 0.02 0.005** 

GCTOF-
MS 

Subject:Clinical 
State 

10 0.15 0.001*** 0.20 0.001*** 0.14 0.001*** 

Volatiles Subject 9 0.415 0.001*** 0.491 0.001*** 0.334 0.001*** 
 Volatiles Clinical State 1 0.010 0.460 0.005 0.753 0.032 0.007** 
 Volatiles Subject:Clinical 

State 
9 0.123 0.092 0.098 0.170 0.154 0.004** 

 
Supplemental Table 4.1. Permanova tests for subject and clinical state. All clinical states are 
included (baseline and exacerbation for cohort 2). 
 

Cohort 2:    
DF R2 P value 

GCTOF-MS Subject  3 0.532 0.001*** 
GCTOF-MS Clinical State 1 0.003 0.194 
GCTOF-MS Subject : Clinical State 3 0.008 0.235 
HILIC Subject  3 0.268 0.001*** 
HILIC Clinical State 1 0.007 0.089 
HILIC Subject : Clinical State 3 0.0231 0.017* 
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16S rRNA Subject  3 0.744 0.001*** 
16S rRNA Clinical State 1 0.009 0.002 ** 
16S rRNA Subject : Clinical State 3 0.016 0.001*** 

 
Supplemental Table 4.2. Permanova tests for each subject (cohort 1) with a subset data from 
two clinical states per model.  
  

 
  

BE BE ET ET BT BT 
Subject Samples Factor DF R2 P value R2 P value R2 P value 
1 27 Clinical State 1 0.064 0.234 0.122 0.042* 0.038 0.781 
4 12 Clinical State 1 0.245 0.127 0.223 0.4 0.280 0.035* 
5 29 Clinical State 1 0.05 0.38 0.072 0.317 0.102 0.057 
6 14 Clinical State 1 0.056 0.848 0.107 0.8 0.073 0.696 
8 12 Clinical State 1 0.103 0.57 0.341 0.1 0.314 0.055 
9 24 Clinical State 1 0.225 0.002** 0.103 0.281 0.204 0.003** 
10 5 Clinical State 1 0.373 0.5 1 NA 0.207 NA 
11 12 Clinical State 1 0.281 0.058 0.203 0.5 0.249 0.077 
12 9 Clinical State 1 0.126 0.667 0.234 1 0.155 0.365 
13 16 Clinical State 1 0.096 0.332 0.378 0.1 0.174 0.032* 
15 14 Clinical State 1 0.126 0.225 0.482 0.1 0.231 0.031* 
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The consequences of microbial community interactions are important for understanding 

ecological changes in the human microbiome. In cystic fibrosis (CF), microbial metabolites, 

fermentation products, and antimicrobials may trigger changes in bacterial physiology which 

may then affect human health and outcomes. We utilized and developed in vitro models to assess 

how metabolites present in sputum can change bacterial physiology. Fermentation products 

altered P. aeruginosa physiology and shifted gene expression towards dormancy and aggregative 

modes of growth. We also found that in a polymicrobial community context, P. aeruginosa 

dominated the community when antimicrobials were administered. Although results from in vitro 

models provide insight into the possible interactions or outcomes of natural systems, it is also 

important to note that there are caveats. For example, the growth media used in in vitro models 

are rich with nutrients that cultivate unmatched growth rates compared to the slow-growing and 

almost dormant pathogens in sputum221. Pathogens are also commonly studied in isolation, 

which is uncommon in the human microbiome and other environmental contexts. To better 

replicate conditions microbes experience in infections, use of chemically relevant media such as 

artificial sputum media36,63 and a microbial community are needed in future models.   

 

 To identify the sources of important microbial metabolites, specifically in volatile 

molecules, we used stable isotope probing and vacuum assisted sorbent extraction to measure 

active production of volatile organic compounds from individual strains and human clinical 

samples. Because compounds detected from complex polymicrobial samples have unknown 

origins, the use of stable isotopes has been a powerful tool in identifying sources and pathways 

of metabolism. We found active production of 2,3-butanedione, ethanol, acetone, and 

acetaldehyde through fermentation of 13C glucose in R. mucilaginosa and S. salivarius mono-
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cultures. We also identified active production of volatiles from saliva, sputum, sewage, and fecal 

samples. There were volatiles that were detected in all clinical samples and also volatiles that 

were specific to one or two of the sample types. For future studies, combing stable isotope 

probing and metagenomic sequencing of polymicrobial human clinical samples could lead to the 

identification of the microbes responsible for producing the stable isotope labeled metabolites.  

 

  Changes in clinical state and disease stage progression may be influenced by the chronic 

polymicrobial airway infection in subjects with CF. From a cohort of 15 subjects with CF, we 

collected microbiome and metabolomics data from 390 longitudinal sputum samples. Because 

the cohort we studied had a limited number of subjects and whose microbiomes were personal, 

we found that that most of the variation explained came from the subject rather than clinical 

state. Additionally, we have shown that even within the same subject, the microbial community 

metabolisms spanning exacerbation events may not resemble one another. Moving forward, it is 

important to assess the changes in the microbiome and metabolome of subjects individually. 

Alternatively, there may be indicators of clinical state or disease progression that require data 

from much larger populations of subjects with CF.  
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Figure A1. Metagenomic pathway analysis of volatile molecules. Seven sputum metagenomes 
were mined for genes involved in the production of metabolite 2,3-butanediol and volatile 
molecules acetaldehyde, acetic acid, and ethanol.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

APPENDIX B: 
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Capturing actively produced microbial volatile organic compounds from human associated 

samples with vacuum assisted sorbent extraction 

 

Authors: Joann Phan, Joseph Kapcia III, Cynthia Rodriguez, Victoria Vogel, Sage Dunham, 
Katrine Whiteson 
 

ABSTRACT 

 

Volatile organic compounds (VOC) from biological samples have unknown origins. 

VOCs may originate from the host or different microbial organisms from a microbial 

community. In order to disentangle the origin of microbial VOCs, we performed volatile 

headspace analysis of bacterial mono- and co-cultures of Staphylococcus aureus, Pseudomonas 

aeruginosa, and Acinetobacter baumannii, and stable isotope probing in biological samples of 

feces, saliva, sewage, and sputum. We utilized mono- and co-cultures to identify volatile 

production from individual bacterial species or in combination with stable isotope probing to 

identify the active metabolism of microbes from the biological samples. To extract the VOCs, we 

employed vacuum assisted sorbent extraction (VASE). VASE is an easy-to-use commercialized 

solvent-free headspace extraction method for semi-volatile and volatile compounds. The lack of 

solvents and the near vacuum conditions used make developing a method relatively easy and fast 

when compared to other extraction options like tert-butylation and solid phase microextraction. 

However, VASE does not work on nonvolatile compounds, thus excluding many protein 

analyses and heavy stable isotope labelling experiments. Using the workflow described here, we 

identified volatile signatures from mono- and co-cultures indicating there were volatiles specific 

to certain microbes or co-cultures. Furthermore, analysis of the stable isotope probing of 

biological samples identified VOCs that were either commonly or uniquely produced from the 

different human derived biological samples. Here we present the general workflow and 

experimental considerations of VASE.  
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INTRODUCTION 

 

Volatile organic compounds (VOCs) have great promise for bacterial detection and 

identification because they are emitted from all organisms and different microbes have unique 

VOC signatures. Volatile molecules have been utilized as a non-invasive measurement for 

detecting various respiratory infections including chronic obstructive pulmonary disease 222, 

tuberculosis223 in urine224, and ventilator associated pneumonia 225, in addition to distinguishing 

subjects with cystic fibrosis (CF) from healthy control subjects226,227. Volatile signatures have 

even been able to distinguish specific pathogen infections in CF [Staphylococcus aureus 228; 

Pseudomonas aeruginosa, 229,230, and S. aureus vs. P. aeruginosa, 231]. With the complexity of 

such biological samples, it is difficult to pinpoint the source of the important volatile molecules.  

 

One strategy for disentangling the volatile profiles from multiple infecting microbes is 

performing headspace analysis of strains in both mono and coculture 232. Headspace analysis 

examines the analytes emitted from a sample rather than within or embedded in the sample itself. 

Microbial metabolites have often been characterized in monocultures because it is much more 

difficult to determine the origin of microbial metabolites in complex clinical samples. By 

profiling volatiles from bacterial monocultures, the types of volatiles a microbe produces in vitro 

may represent a baseline of its volatile repertoire. Combining bacterial cultures, e.g., creating co-

cultures, and profiling the volatile molecules produced by co-cultures may reveal the interactions 

or cross-feeding between the bacteria233.  

 

Another strategy for identifying the microbial origin of volatile molecules is to provide a 

nutrient source that is labeled with a stable isotope. Stable isotopes are naturally occurring non-
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radioactive forms of atoms with a different number of neutrons. The utilization of stable isotopes 

has been used since the early 1930s to trace active metabolism in animals 234. More recently, a 

stable isotope in the form of heavy water (D2O) has been used to identify metabolically active S. 

aureus in a clinical CF sputum sample 235. In another example, 13C labeled glucose has been used 

to demonstrate the cross-feeding of metabolites between CF clinical isolates of P. aeruginosa 

and Rothia mucilaginosa233 . 

 

With the advancement of mass spectrometry techniques, methods of detecting volatile 

cues have moved from qualitative observations to more quantitative measurements. By using gas 

chromatography mass spectrometry (GC-MS), processing of biological samples has become 

within reach for most laboratory or clinical settings. Many methods to survey volatile molecules 

have been used to profile samples such as food, bacterial cultures and other biological samples, 

and air and water to detect contamination. However, several common methods of volatile 

sampling with high throughput do not involve solvent-less and vacuum extractions.   

 

 Here, we employed a method called vacuum assisted sorbent extraction (VASE) followed 

by thermal desorption on a GC-MS to survey the volatile profiles of bacterial mono- and co-

cultures and to identify actively produced volatiles with stable isotope probing from human 

feces, saliva, sewage and sputum samples (Figure 1). Isotope probing experiments with human 

samples required adding a stable isotope source, such as 13C glucose, and media to cultivate the 

growth of the microbial community. The active production of volatiles was identified as a 

heavier isotope molecule by GC-MS. Extraction of volatile molecules under a static vacuum 

enabled the detection of volatile molecules with increased sensitivity236–238.  
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PROTOCOL 

 

1. Headspace sorbent pen (HSP) and sample run considerations 

 

1.1 The HSP with Tenax TA was selected to capture a broad range of volatiles in consideration 

with the DB-624 column installed in the GC-MS. 

1.2 Extract media or sample blanks under the same conditions for the same period as sample 

extraction.  

1.3 Run a blank pen on the GC-MS before running extracted samples using the same method. 

Blanks should also be run between sample types (e.g. three replicates of bacteria mono-

culture, blank, three replicates of bacteria co-culture, blank, etc.) 

1.4 Limit use of fragrant personal care items or consumption of smelly foods prior to sample 

extraction and analysis. Ideally, samples will be prepared in a biosafety hood that has not 

been cleansed by alcohol or other volatile cleaners for at least half an hour. Turn on airflow 

in biosafety hood for half an hour prior to sample preparation.  

1.5 Keep samples on ice to limit volatile release during sample preparation. 

 
2. Mono- and co-culture preparation 

 
2.1 Inoculate cultures of A. baumannii, S. aureus, and P. aeruginosa in Todd Hewitt growth 

media. Incubate overnight at 37 ℃ with 200 rpm agitation. 

2.2 Dilute each culture to optical density 0.05 at 500 nm.  

2.3 Mix co-cultures in equal parts and pipet 200 μl of control media, mono-, or co-culture 

into each well of a 96-well plate and place in 37 ℃ incubator for 24 hours. Prepare a 

second plate for a 48-hour incubation. 
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2.4 At the end of the incubation period, prepare samples for extraction in Step 4. Note: at this 

point, samples can be stored at -80 ℃ to extract later if needed. Pipette liquid cultures into 

Eppendorf tubes and store at -80 ℃.  

 
3. Stable isotope probing in biological samples preparation 

 

Note: The feces and saliva samples were donated from anonymous donors with approval from 

the University of California Irvine Institutional Review Board (HS# 2017-3867). The sewage 

came from San Diego, CA. The sputum samples were collected from subjects with cystic fibrosis 

as part of a larger study approved by the University of Michigan Medical School Institutional 

Review Board (HUM00037056).  

 

3.1.1 To prepare fecal samples, add one mL DI water to 100 mg of feces in a 1.5 mL 

microcentrifuge tube and vortex for three minutes. Place on ice when not in use.  

3.1.2 To 15 μl of fecal and water mixture, add 485 μl Brain Heart Infusion (BHI) medium 

with 20 mM 13C glucose, or BHI with 30% D2O. The final volume of the sample should 

be 500 μl. Prepare samples in technical triplicates.  

3.2 To prepare sewage samples, add 500 μl of sewage to 500 μl BHI and 20 mM 13C glucose 

or BHI with 30% D2O for a total volume of one mL. Prepare samples in triplicate. Place 

on ice when not in use. 

3.3 To prepare saliva samples, add 50 μl of saliva to 500 μl BHI and 20 mM 13C glucose or 

BHI with 30% D2O for a total volume of 550 μl. Prepare samples in triplicate. Place on 

ice when not in use. 

3.5.1 To prepare sputum samples to compare the volatiles present in the sample prior to and 

after culturing, perform a first extraction with 15 μl of sputum. Prepare samples in 
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triplicate. Place on ice when not in use. Proceed to step 4 for sample extraction and 

extract for 18 hours at 37 ℃ with 200 rpm agitation.  

3.5.2 After the completion of the first extraction of the uncultured sputum samples, save the 

vials with sputum. Add 500 μl BHI with 20 mM 13C glucose to the vials with sputum 

from the first extraction from 3.5.1. Place on ice when not in use. 

3.6 Proceed to Step 4 for sample extraction.  

4. Sample Extraction 

 
4.1 Place empty volatile organic analysis (VOA) vials (closed cap, type 1 glass, clear, 20 mL, 

pre-cleaned, closure size 24-414, Fisher Scientific catalog number: 5719110)  on the cold 

plate and place the cold plate on ice.  

4.2 Turn on the 5600 sorbent pen extraction unit (SPEU) to warm up to the desired 

temperature as required for each method. For stable isotope probing experiments, 

reaching the setpoint can take up to 15 minutes. For mono- and co-culture experiments at 

70 ℃, reaching the setpoint could take up to 45 minutes to an hour.  

4.3 Collect clean HSPs that are equal to the number of samples prepared, including HSPs for 

media or sample controls.   

4.4 Label 20 mL VOA vials according to samples, replicates, and pen IDs as needed. It is 

recommended to use a marker that resists water in case condensation forms on the outside 

of the vial while on ice. 

4.5 Unscrew the white cap on the vial, quickly pipet sample into the vial, and assemble the 

black cap, lid liner, and HSP. NOTE: Samples should not come into contact with the HSP 

and sample volume will depend on sample type. 

4.6 Place the vial with sample back on the cold plate. 
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4.7 Repeat steps 4.5 and 4.6 for each sample. These steps are done per sample instead of all 

at once to prevent sample warming and thus premature volatile release. 

4.8 Once all samples have been prepared in the glass vials, turn on the vacuum pump, place 

the vials under vacuum to 30 mmHg, and remove the vacuum source. The vials do not 

need to be on the cold tray at this point.  

4.9 Double check the pressure after placing all samples under the vacuum using the gauge 

pressure. If a vial has a leak, ensure that the cap is screwed on tightly and that the white 

o-rings of the HSP and lid liners are properly in place. A compromised seal can result in a 

decreased volatile detection compared to volatile detection from a vial under vacuum. 

4.10  Place vials in the 5600 SPEU for optimized time and temperature with agitation at 200 

rpm. Cultures were extracted for one hour at 70 ℃, and stable isotope probing 

experiments with fecal, sewage, saliva, and sputum samples were extracted for 18 hours 

at 37 ℃.  

4.11  Place cold plate at -80 ℃ for use after the extraction period is complete. 

4.12  When extraction is complete, place samples on cold tray for 15 minutes to draw out 

water vapor from the HSP and headspace. 

4.13 Transfer the pens to their sleeves. Note: The experiment can be paused here for up to ~1 

week at room temperature before losing volatiles on the HSPs. 

 
5. Analyze samples on the GC-MS.  

 

5.1 Agilent GC-MS (7890A GC and 5975C inert XL MSD with Triple-Axis Detector) with a 

DB-624 column settings are set as follows: 35 ℃ with a 5 minute hold, 10 ℃/min ramp 

until 170 ℃, and a 15 ℃/min ramp until 230 ℃ with a total runtime of 38 minutes.  
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5.2 Set the Entech method with preheat time for 2 minutes and temperature at 70 ℃, 

desorption for 2 minutes at 260 ℃, bakeout for 34 minutes at 260 ℃, and post bake for 2 

minutes at 70 ℃.  

5.3.1 Set up sequence of samples and start the run according to instrumentation.  

5.3.2 To set up sequence on the Entech Software, open the program. Next to the instrument 

dropdown menu, click on “5800” and then click on “Sequence” in the options to the right 

of the drop-down menu. 

5.3.3 There is a sequence table similar to the GC-MS side. The “Sample ID” column is 

named according to “Current date_vial number”, “Name” is the same name of sample as 

inputted on the GC-MS side, and “5800 Method” determines the rate of temperature 

ramp, holding times, etc. (opens a menu to select a method). 

5.3.4 The “Tray” and “Position” columns determine where the autosampler will go to pick up 

the VASE HSPs. To the immediate left are two trays with 30 spots each, laid out as six 

columns with five spots each. The spot furthest and leftmost on each tray is spot 1, while 

the closest and rightmost spot is spot 30. These trays are “HSP A or B”, where HSP B is 

the tray closer to the autosampler (innermost tray). Directly behind HSP B is HSP Blank. 

Place extracted samples into the trays and select the spot on the sequence accordingly. 

5.3.5 Save sequence table, click on “Run” on the left-hand side, then “Start with blank in 

desorber” if the blank HSP is in the desorber (denoted by a HSP marked by yellow label). 

5.4 HSPs will be handled by the Sample Preparation Rail (SPR) for each sample in the 

sequence in the run. The SPR will warm up, then a message will appear at the top of the 

screen to confirm if the blank is in the desorber. Click on “Skip” to confirm that the pen 



 

 

140

is there. The autosampler will now run all samples automatically, and the sequence on the 

GC-MS side will automatically record the data in separate files. 

6. Data analysis  

 

6.1.1 Quality filter data on GC-MS ChemStation software.  

6.1.2 Review each peak on the chromatogram and annotate peaks tentatively identified by the 

National Institute of Standards & Technology (NIST) library (or with an available 

library).  

6.1.3 To add a peak to the process method, click -> “Calibrate” -> “Edit Compound” -> 

“Name” -> insert compound under “External Standard Compound”. Add the name of the 

compound, retention time, Quant Signal “Target Ion”. Add the three largest peaks. To 

save, click on “ok” -> “Method” -> “Save.” 

6.1.4 Once the process method is set up, go to “Quantitate” -> “Calculate.” Next, go to 

“View” -> “QEdit Quant Result.” 

6.1.5 Go through each compound and make sure that the peaks align and are above 

background noise.  

6.1.6 Once QEditing is finished, click on “Exit” -> “Yes” to save the QEdits and return to the 

main chromatogram. Export the area integrations by opening the file on the left-hand 

side. Go to “Quantitate” -> “Generate Report.” 

6.1.7 To export files to use in DExSI, go to “File” -> “Export Data to AIA format” -> 

“Create New Directory” and select a location for the file or “Use Existing Directory.” 

6.1.8 Another new window will open up to select files for export. Move the files to the right 

side of the window, then click on “Process.” This conversion may take a few seconds to a 

few minutes depending on the number of files being converted.  
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6.2 Correct for isotope abundance in DExSI according to instructions for the DExSI software 

(https://github.com/DExSI/DExSI) and perform analysis with a favorite software or 

program (e.g., R).  

 

REPRESENTATIVE RESULTS 

 

Mono- and co-cultures of S. aureus, P. aeruginosa, and A. baumannii 

 
The mono- and co-cultures consisted of the bacterial species S. aureus, P. aeruginosa, and 

Acinetobacter baumannii. These are common opportunistic pathogens found in human wounds 

and chronic infections. To identify the volatile molecules present in the mono- and co-cultures, 

we performed a short 1-hour extraction at 70 ℃ with 200 rpm agitation. From the mono- and co-

cultures at 24- and 48-hour timepoints, we detected 43 annotated volatile molecules (Figure 2). 

The types of volatile molecules detected were aldehydes, ketones, alcohols, sulfuric compounds, 

hydrocarbons, carboxylic acids or esters, and aromatics. There were a small number of volatile 

molecules that were only detected in certain mono- or co-cultures at certain timepoints. For 

example, volatiles acetoin and 3-hydroxy-2-butanone acetate were only detected in the S. aureus 

cultures at the 48-hour timepoint (Figure 2). Volatile 1-propanol 2-methyl was detected only in 

the P. aeruginosa and A. baumannii co-culture at 48 hours (Figure 2). Ethyl acetate was present 

in A. baumannii co-cultures with either S. aureus or P. aeruginosa at 48 hours (Figure 2). The 

metabolites heptane, 2,3-dimethyl and pentane, 2-methyl were only detected in the A. baumannii 

culture at 24 hours (Figure 2). Acetaldehyde and ethanol had higher relative abundances in the A. 

baumannii and S. aureus co-culture at the 24 hour timepoint compared to 48 hours and either of 

the strains in culture alone (Figure 2). Some of the volatiles were more abundant in cultures at 

either the 24- or 48-hour timepoint. Short chain fatty acids, acetic acid, butanoic acid, and 

propanoic acid were at high relative abundances in cultures at 48 hours but were not detected in 
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the 24 hour cultures (Figure 2). Hexane was more abundant in the TH control at 24 hours 

compared to 48 hours (Figure 2).  

 
Stable isotope labeling of fecal, sewage, and saliva samples 
 

To identify active production of volatile molecules from a biological sample, we added a 

labeled nutrient source, 13C glucose or D2O, and media to support the growth of the microbial 

community. We analyzed one unique sample from each of the different sample types of fecal, 

sewage, and saliva samples in triplicate. There was more incorporation of the 13C into fully 

labeled volatile molecules (Figure 3A-D) compared to incorporation with deuterium (Figure 3E). 

The 13C was incorporated into 2-butanone, 3-hydroxy; 2,3-butanedione; acetic acid; and phenol 

for all fecal, sewage, and saliva samples (Figure 3A). The other labeled volatiles were detected in 

either two or one sample types. For example, acetone, butanoic acid, and propanoic acid were 

detected as labeled in saliva and sewage (Figure 3B). The labeled volatiles dimethyl trisulfide 

and disulfide dimethyl were enriched in both fecal and saliva samples (Figure 3C). Volatiles 1-

propanol, 2-butanone, benzophenone, ethanol, and methyl thiolacetate were enriched only in 

sewage (Figure 3D). The labeled volatile 2,3-pentanedoine was enriched in saliva (Figure 3D). 

Deuterium was incorporated into the volatiles acetic acid; benzaldehyde, 4-methyl; dimethyl 

trisulfide; and phenol from either saliva or sewage samples (Figure 3E). In addition to the isotope 

enriched volatiles, there were volatiles detected that did not contain incorporated stable isotopes. 

For example, pyrazine compounds, except for pyrazine, 2,5-dimethyl, were detected in fecal, 

sewage, and saliva samples but were not fully enriched with 13C (Figure S1).   

 
Stable isotope labeling of sputum samples  
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  We implemented the strategy for identifying actively produced volatiles with 

sputum samples from seven subjects with cystic fibrosis. We compared the volatiles in the 

sample with those that emerged from samples cultured with a stable isotope label. Each sample 

was analyzed twice: we first extracted volatiles from sputum samples and then performed stable 

isotope probing with 13C glucose and media. The samples collected from the subjects spanned 

three different timepoints or clinical states, baseline, exacerbation, and treatment1. The volatiles 

detected as labeled in the cultured sputum samples had different relative abundances compared 

to the unlabeled volatiles from the uncultured sputum samples. Culturing conditions in the stable 

isotope probing experiments with sputum may favor the growth of certain microbes, leading to 

differences in relative abundances of volatiles compared to the uncultured sputum samples. For 

example, acetic acid, dimethyl trisulfide, acetone, and propanal, 2-methyl were more abundant in 

the cultured sputum samples compared to the uncultured sputum samples (Figure 4). Detecting 

13C labelled ethanol, which can be present in variable amounts in the background room air, 

provides evidence that the ethanol was actively produced by microbial metabolism from 13C 

glucose. The amount of variation explained by subject as assessed by Permutational Multivariate 

Analysis of Variance (PERMANOVA) was also different for the two different volatile datasets 

(Table 1, Figure S2). For the 13C labeled cultured sputum, 51% of the variation was explained by 

the subject, while 33% of the variation was explained by subject from the volatiles in the 

uncultured sputum samples (Table 1). The microbiome community composition as determined 

by 16S rRNA amplicon sequencing from the seven subjects were unique to each subject (Fig 

S3), and the individual signatures were also reflected in both the cultured and uncultured sputum 

volatile molecules detected.  
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In cultured sputum, we detected 23 volatiles that were fully labeled with 13carbon. The 

isotope enriched (active) volatiles detected from the sputum samples were different for each 

subject. The volatiles with isotope enrichment detected in the sputum samples from all seven 

subjects were 2,3-butanedione; acetic acid; acetone; dimethyl trisulfide; disulfide, dimethyl; and 

pyrazine, 2,5-dimethyl (Figure 5). Although those volatiles were detected in all subjects, the 

isotope enrichment for each subject varied. Samples from subject 7 had higher isotope 

enrichment of disulfide dimethyl compared to the other six subjects (Figure 5B). Acetone was 

higher in subjects 4 and 6 (Figure 5). Some volatiles were enriched with 13C only in certain 

subjects. For example, 1-butanol, 3-methyl and propanoic acid, 2-methyl were only enriched in a 

subset of samples from subject 2 (Figure 5). In addition to the isotope enriched volatiles, there 

were volatiles also detected as unlabeled from the same cultured sputum (Figure S4). Volatiles 2-

piperidinone; benzaldehyde, 4-methyl; benzothiazole; butanoic acid, 3-methyl; hexanal; hexane; 

isopropyl alcohol; phenol; propanoic acid, 2-methyl; and pyrrolo 1,2-apyrazine-1,4-dione, 

hexahydro were detected in the sputum samples, but were not isotope enriched (Figure S4).  

 

DISCUSSION 

 

To identify volatile production in in vitro cultures and human derived samples, we performed 

volatile analysis of mono- and co-cultures of P. aeruginosa, S. aureus, and A. baumanii and 

stable isotope probing of different biological samples. In the analysis for the mono- and co-

cultures, we were able to detect the volatiles present in the samples by performing a short 

extraction for 1 hour at 70 ℃. The volatile analysis of mono- and co-cultures allowed us to 

survey the volatiles produced by individual species and during their interactions with other 

species. There were differences in relative abundances across the different culture types and time 

points. In the stable isotope probing experiments, the biological samples came from fecal, saliva, 
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sewage, and sputum from subjects with cystic fibrosis. Stable isotope profiling enabled us to 

identify actively produced volatile molecules by extracting for 18 hours at 37 ℃. The long 

extraction time with a lower temperature enabled growth and metabolism of microbes present in 

the biological samples. Comparing the 13C glucose and D2O enrichments showed that there was 

more extensive isotope enrichment with labeled 13C.  

 

When extracting different sample types, there were initial optimizing steps to take prior to 

starting a full run. First, test different volumes of a sample as a trial run. It is recommended to 

start with a lower volume or smaller amount of sample first. Do not extract a large volume or too 

much of the sample because the sample could overwhelm the column and contaminate the HSP. 

In the mono- and co-culture experiments, 200 μl of culture was sufficient to detect a variety of 

volatiles. In the stable isotope probing experiments, depending on the sample type, the volume 

for each experiment ranged from 500 μl to 1 ml. Second, depending on the compounds of 

interest and column type, the GC-MS and Entech methods will need to be adjusted to optimize 

volatile detection. We determined our methods appropriate for our analytes of interest and 

column type.  

 

After optimizing the method, the critical steps in the protocol pertained to the steps prior to 

and following extraction. During sample preparation, samples were placed on ice so that the 

volatiles present in the sample did not escape. It was also important to make sure the vacuum 

seal was tight and lid was securely closed. Otherwise, there would be an inefficient extraction 

and decreased detection of the volatiles from the sample. A reason there would be a leak in the 

seal is the O-ring around the lid liner or the pen itself. To make sure that the vial was under 

vacuum each time, a gauge was used to prior to extraction to make sure the O-rings were still 
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functional. In addition, after the extraction, samples were placed on the ice block so that water 

was drawn out of the headspace for a determined time period. Water in the column could lead to 

changes in retention times of the volatile signals.  

 

There are both limitations and advantages to these methods with respect to existing or 

alternative methods. Evaluating the mono- and co-culture experiments, there were volatile 

signatures detected that were specific to a particular microbe or co-culture. There were also 

changes in volatile abundances across time. As for the stable isotope probing experiments in the 

different types of biological samples, deuterium labeling did not result in as many isotope 

enriched volatiles as 13C glucose. The metabolisms required to produce isotope enriched volatiles 

with deuterium may be more limited. In addition, media was added to the biological samples to 

enhance microbial growth, which may lead to changes in the microbial community composition. 

Culture conditions of stable isotope probing experiments may be selecting for the favored growth 

of certain microbes in a biological sample. This was opposed to the short extraction for one hour 

at 70 ℃ designed to detect the volatiles in the community sample before one or few of the 

microbes begin taking over the community. This method provided a high-throughput solvent-free 

and vacuum extraction that lead to more sensitive detection of low volume samples. The 

volumes used as input for these experiments ranged from 200 μl cultures to 1 mL of cultured 

biological samples. In other cases (data not shown), we have extracted biological samples as low 

as 15 μl or 10 μg.  

 
For future applications of the method, a wide range of sample types could be analyzed with 

small or limited volumes. Dozens of samples could be extracted at the same time and the run 

time would depend on the capabilities of the specific GC-MS instrument. In the case of stable 
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isotope probing, when coupled with metagenomic sequencing, there is the possibility of 

identifying the microbes responsible for the production of the volatile molecules. The 

metagenome of the biological sample could be sequenced prior to and after extraction with stable 

isotope probing to identify changes in microbial community composition. The metagenomic 

sequencing will allow identification of genes responsible for the production of the isotope 

enriched volatile molecules. Here, we highlighted a few examples of the sample types and 

approaches that could be used as input for this method, which has already been established in 

different industries. Because volatile molecules are important diagnostic indicators, the use of 

this method could be expanded to biological laboratories and clinical healthcare settings. Overall, 

there are a great number of possibilities that can result from the use of vacuum assisted sorbent 

extraction. 
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Figure B1. Protocol schematic. A biological sample is placed into a glass vial and assembled 
with the lid liner and headspace sorbent pen (HSP). A vacuum is applied to the vial until 30 
mmHg is reached. The vacuum source is removed, and the vials are placed in the sorbent pen 
extraction unit (SPEU) where there is a static extraction with heat, agitation with rpm, and time. 
After extraction, vials are placed on a cold metal block to remove water from the headspace. The 
HSPs are collected and run via thermal desorption on the GC-MS. The data are then analyzed 
with ChemStation, DExSI, and R.  
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Figure B2. Heatmap of mono- and co-cultures. VOCs detected from mono- and co-cultures at 
24- and 48-hour timepoints. The bacterial species are A = A. baumanii, P = P. aeruginosa, and S 
= S. aureus. The co-cultures are the combinations of the letters representing each strain. The 
media control is TH = Todd Hewitt media. All samples were extracted for 1 hour at 70 ℃ with 
200 rpm agitation. Heatmap intensity values are column Z-scores, normalized by metabolite. The 
Z-score was calculated by taking the difference of value and the  mean of the value, dividing by 
the standard deviation of the value. The dendrogram was generated with the “cluster_cols” 
option in the “pheatmap” function R. The dendrogram represents hierarchical clustering in which 
metabolites that cluster together have more similar z-score values across samples. 
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Figure B3. Percent conversion of 13C into volatile molecule mass in fecal, saliva, and sewage 
samples during 18 hours of incubation during extraction. The % conversion was calculated for 
fully labeled compounds by taking the mass of the fully labeled compound (M+N) and dividing 
it by (M+N) + the mass of the unlabeled volatile mass (M). N is the maximum number of 
possible carbons (in A-D) or hydrogens (in E) that can be labeled in each volatile molecule. 
Fully labeled compounds are when all carbons of the volatile are replaced by 13C. Where data are 
missing, the volatile was not detected. For example in panel (D) , 1-propanol was not detected in 
fecal or saliva samples. Number of replicates per sample = 3. (A) The 13C labeled volatiles 
detected in all sample types (feces, saliva, and sewage). (B) The 13C labeled volatiles only 
detected in saliva and sewage samples. (C) The 13C labeled volatiles detected in feces and saliva 
samples. (D) The 13C labeled volatiles detected in one of the three different sample types. (E) 
The deuterium labeled volatile molecules.   
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Figure B4. Heatmap of 13C labeled volatiles from cultured sputum and volatile molecules 
detected from uncultured sputum. The labeled volatiles come from the stable isotope probing 
experiments where 13C glucose and BHI were added to sputum during the extraction step to 
cultivate microbial growth and capture active volatile production. The unlabeled volatile 
molecules were detected directly from sputum samples. The heatmap intensities are Z-scores as 
described in Figure 2. However, the Z-scores were calculated separately for the cultured and 
uncultured sputum experiments. The dendrogram was generated as described in Figure 2. 
 



 

 

152

 
Figure B5. Percent conversion of 13C into volatile molecule mass in sputum samples from seven 
subjects with cystic fibrosis during 18 hours of incubation during extraction. The % conversion 
was calculated as described in Figure 3. Volatiles not detected in samples are indicated by 
samples where there are no data. N = 1-3. (A) The 13C labeled volatiles detected at a higher 
percent conversion in the majority of sputum samples. (B) The 13C labeled volatiles detected at a 
lower percent conversion in the majority of sputum samples. (C). The 13C labeled volatiles 
detected at a lower percent conversion in a minority of the sputum samples.  
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Table B1. Permutated multivariate analysis of variance (PERMANOVA) of sputum samples.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  Degrees of 
Freedom 

R2 P value 

Uncultured sputum 

Subject 6 0.33 0.001 

Clinical State 2 0.01 0.46 

Subject: clinical State 12 0.12 0.092 

Cultured sputum with 
13C glucose and media 

Subject 6 0.51 0.001 

Clinical State 2 0.02 0.095 

Subject: clinical state 12 0.11 0.194 
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Figure BS1. The relative abundances of labeled (M+N(max)) and unlabeled (M+0) volatiles 
across fecal, saliva, and sewage samples. 
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Figure BS2. Non-metric multidimensional scaling of cultured sputum with stable isotope 
probing and uncultured sputum. (A) The NMDS of cultured sputum with 13C glucose and media 
was generated with k = 3 dimensions. The stress value was 0.07. (B) The NMDS of uncultured 
sputum was generated with k = 3 dimensions. The stress value was 0.13.  
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Figure BS3. Microbial community composition of sputum samples from subjects with cystic 
fibrosis, as assessed by 16S rRNA amplicon sequencing as part of a larger study, further 
information about approach found in Carmody et al 202019. from subjects with cystic fibrosis. B 
= baseline, E = exacerbation, T = treatment. Each stacked bar is a different timepoint.  
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Figure BS4. The relative abundances of labeled (M+N(max)) and unlabeled (M+0) volatiles 
across sputum samples from seven subjects with cystic fibrosis. 
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