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ABSTRACT
METABOLIC MODELING OF CYSTIC FIBROSIS AIRWAY MICROBIOTA
FROM PATIENT SAMPLES
SEPTEMBER 2021
ARSH VYAS,
B.TECH., INDIAN INSTITUTE OF TECHNOLOGY
M.S.ChE., UNIVERSITY OF MASSACHUSETTS AMHERST
Directed by: Professor Michael A. Henson
Cystic Fibrosis (CF) is a genetic disorder, found with higher prevalence in the
Caucasian population, affecting > 30,000 individuals in the United States and > 70,000
worldwide. Due to astoundingly high rate of mortality among CF patients being attributed
to respiratory failure brought on by chronic bacterial infections and subsequent airway
inflammation, there has been a lot of focus on systematically analyzing CF lung airway
communities. While it is observed traditionally that Pseudomonas aeruginosa is the most
threatening and persistent CF colonizer due to high antibiotic resistance, recent studies
have elicited the roles of other pathogens and it has been widely accepted the CF lung
airway consists of complex codependent community of bacteria, viruses, and fungi. To
elucidate the interplay among the members of this community, within the constraint of lung
uptake regime, I developed a community metabolic network model comprising of >380
metabolites obtained after modeling 39 most abundant bacterial genera across 279 sputum
specimens collected from 79 individuals over 10 years from a study by LiPuma et. al. by
16S rRNA gene sequencing, accounting for >89% of reads across samples. The community
metabolic model was contrasted with the 16S relative abundance data through standard
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data mining techniques employed for the analysis of multidimensional data. I further
attempted to quantitatively analyze and elucidate the correlations among patient lung
function, disease progression, community diversity, microbial compositions, and metabolic
capabilities by standard classical hypothesis testing methods. Comparison through linear
dimensionality reduction (PCA) of the 16S data and the model data revealed slightly higher
variance explained by the model, indicating presence of relatively smaller number of
metabolite-based than the 16S-based polymicrobial communities. A deeper analysis
elucidated both the phenomenon, consolidation of compositionally different communities
due to metabolic closeness, as well as splitting of other communities into metabolically
distinct clusters due to minor changes in composition and increase in diversity. Clustering
of 16S-based relative abundance data and the model data revealed that the rare
Burkholderia infections are metabolically distinct from other CF communities, and are
heavily dominated by this genus. It was also reiterated that Achromobacter infections are
highly resilient to treatment. Linear regression analysis between lung function and
microbiota diversity revealed more correlation across the population, however diversity
was found to first increase and then subsequently decrease drastically with disease severity.
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CHAPTER 1

CYSTIC FIBROSIS

1.1 Introduction

Cystic Fibrosis (CF) is a fatal progressive autosomal recessive genetic disorder, found
with higher prevalence in the Caucasian population, affecting > 30,000 individuals in the
United States, > 70,000 worldwide and a yearly incidence rate of >1,000 (www.cff.org)
[1]. The condition is caused by mutation of the CFTR (Cystic Fibrosis Transmembrane
Conductance Regulator) gene, leading to dysregulation of sodium and chloride ion
transport across epithelial surfaces [2]–[5]. This translates to unregulated buildup of
mucus primarily in lungs, gut,[6]–[9], manifesting in pulmonary, gastrointestinal, and
exocrine symptoms, in form of reduced lung function and recurrent pulmonary
exacerbations, insufficient nutrient absorption, and in most cases, infertility (>98%) [8],
[10]. A significant majority of fatalities associated with CF have been attributed to
chronic airway congestions, recurrent pulmonary exacerbations, and eventual acute lung
failure [11].
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Figure 1. Cystic Fibrosis airway ion channels1
1.2 CF airway community

16S rRNA gene sequencing and subsequent advances in transcriptomic analysis have
made possible efficient and robust identification of bacterial taxa, at various levels of
taxonomic classification, quantitatively with respect to abundance and diversity [10],
[12]–[15]. Multiple studies have concluded that CF lung colonies are rich in microbial
diversity, with Pseudomonas aeruginosa, Staphylococcus aureus and Streptococcus spp.
being the most found and recalcitrant colonizers, contributing significantly to pulmonary
exacerbations and airway inflammation. Patient sputum and bronchoalveolar lavage
(BAL) have been analyzed to identify more infrequently found pathogens, but exhibiting
significant interaction with the community, like Haemophilus influenzae, Prevotella spp.
and Burkholderia cepacia complex, and other rare pathogens like Fusobacteria,
Achromobacter, Rothia, Veillonella and Stenotrophomonas. While there has been
tremendous success and progress in identifying the communities quantitatively with their
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relative abundance, the interactions among the bacterial taxa and CF lung environment
delineated through various analytical techniques are relatively unexplored [16]–[19].

1.3 In Silico Modeling

In silico metabolic modeling approaches have been consequential in elucidating the
complex interplay between the community and host environment, by deploying genome
level metabolic reconstructions of individual species within the mathematical framework
of interacting community structures [20]–[23]. These interactions typically integrate host
metabolic environment, interspecies competition for resources like amino acids, sugars,
organic acid and alcohols, and co-dependence on secreted by-products. Recent attempts
to metabolically model community interactions have been limited to ~5 species, restricted
to modeling under gut microbial environment assumptions, and fail to accurately
represent the in vivo diversity [24]–[26]. Henson et. al. have attempted to explain the CF
community interactions by predicting the cross-feeding capability among interacting
species and discern patterns of domination by each pathogen within polymicrobial
community by directly predicting species abundance [23]. However, one of the major
obstacles in characterizing a CF community is the prevalence of cross-sectional
heterogeneity among patients with regards to microbial composition [16], [27]–[32].
Moreover, current longitudinal studies have been insufficient in characterizing the
dynamics of CF microbiome and metabolome in the short-term progression [10], [33].
There has been significant debate on whether CF communities remain static during
pulmonary exacerbations (CFPE) [27], [34], or demonstrate a negative shift in the
diversity towards a dominating taxon [10], [35], [36].
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Through this study, I attempt to address these shortcomings in the understanding of
this fatal disorder via construction of sample-by-sample metabolic network models of the
CF airway and subsequently discerning compositional and functional metabolic
subcommunities, which could explain the cross-sectional and longitudinal variance. An in
silico metabolic modeling pipeline was created to transform the putative 16S-based taxa
abundances obtained from CF patients through sputum samples, to sample-specific
models quantifying the metabolic capabilities, by integrating the abundances with
genome-scale metabolic models (GEMs) under the computational regime of ‘constraint
based modeling’. Further analyses based on this methodology take into consideration the
community interactions in terms of nutrient competition and metabolite cross-feeding
among taxa, which paints a more accurate picture elucidating the associations and
dissociations among the members of an interactive functional community.
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CHAPTER 2

RESEARCH OBJECTIVES
Constraint based modeling has been ubiquitous in the literature and has been
sufficiently explored for gut microbiome; this is the first instance, to the best of my
knowledge, where CF community model comprising of >35 taxa is being explored to
predict community metabolism and flux exchanges. There have been attempts where
individual CF microbe has been probed, in vivo or in silico, but multispecies metabolic
network models, representative of the CF airway diversity and interactions, have been
insufficiently investigated [37]–[41].
Given that certain microbes may stably coexist through correlated metabolic pathways
via cross-feeding, as was shown by Henson et. al. [23], it can be postulated that metabolic
capabilities form a stronger basis for characterization of the polymicrobial CF lung
communities. Hence, the central idea for exploration is ‘Is the community metabolic
signature a more accurate representation and holds stronger correlation with the clinical
manifestations of the disease, longitudinally and cross-sectionally, than the phylogenetic
screenshot?’ To investigate this, I attempted to categorize the diverse communities into
subcommunities through standard dimensionality reduction and cluster analysis, and then
observed the qualitative distinctions and biomarkers among the subcommunities based on
compositions and metabolic functionalities. Further on, I formulated hypothesis to
correlate sample metadata like lung function and host clinical state with community
compositions and metabolic capabilities to obtain insights into the central exploration.
This research also explores the tendency of certain genera to coexist in a CF lung, and
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how those tendencies shift under the change of basis from community composition to
their metabolic capabilities, hence attempting to make a causal connection.
I also believe that such in silico models will be of utmost significance in driving initial
conditions, like selecting representative microbes for culturing, and outcome predictions
for designing the in vitro experiments for simulating accurate CF lung microbial
environment and validating computationally generated hypotheses. These models,
improved and validated through in vitro studies, can further serve as platforms to test
therapeutic solutions for polymicrobial infections.
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CHAPTER 3

METHODOLOGIES

3.1 Metabolic Modeling of bacterial communities

Genome-scale metabolic reconstruction (GEM) is the current state-of-the-art for
computationally capturing organism metabolic interactions, by quantifying steady-state
or near steady-state fluxes through a network of interacting metabolites accounting for
entire metabolic genes in the organism [42]. We have come a long way from developing
the first model for Haemophilus influenzae [43] to highly complex multicellular
organisms like humans and plant cells [44], [45]. GEMs, fundamentally, are a set of
reaction networks described by stoichiometric matrix delineating the reaction fluxes
between metabolites, where the term ‘genome-scale’ denotes the method by which
stoichiometric matrix is constructed, usually from an annotated genome of an organism
[46]. The stoichiometric matrix contains more reaction fluxes than the metabolites being
exchanged, which in turn means that the matrix is underdetermined and hence the
solution space is infinite. To determine a unique solution, the stoichiometric matrix is
solved in conjunction with a suitable objective function which assumes some widely
accepted ‘cellular objective’ and captures various unmodelled processes. The usual
objective function for this optimization problem is taken to be biomass growth rate,
which is expressed as a linear combination of reaction fluxes consisting of interacting
metabolites. The result is a classical linear program which can be solved for optimal
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solution (Flux Balance Analysis, FBA) [47] or suboptimal solution (Flux Variability
Analysis, FVA) [48].
With high-throughput screening technologies making great strides and availability of
metabolically annotated extensive datasets, explaining the genotype-phenotype
relationships, the reconstruction of GEMs for myriad human microbiota has been made
possible. By connecting the metabolites and enzymes involved in specific metabolic
pathways, identified for each microbe present in the lung ecosystem, metabolic networks
can be created for each microbial strain. However, these single taxa models are
inconclusive in determining community function by themselves. Hence, further
methodologies to combine these networks to comprehensively represent functional
multispecies communities is required [49], [50]. Stolyar et. al. [51] developed a
compartmentalized FBA-based community model in which each strain level metabolic
network was a separate compartment. This compartment based multispecies model
(Figure 2) consists of (i) two or more network-based compartments connected to each
other via a lumen compartment, representing the culture media and facilitating exchange,
and (ii) the transport constraints for transporting metabolites among microorganisms.
While this approach is very straightforward, it is limited to only a few members and does
not capture the complexity of the large number of microbes involved in constructing the
exhaustive community, due to lack of information on coexisting biomass objective
functions of each microorganism [51]. More developed frameworks like OptCom [52]
and Microbiome Modeling Toolbox [53] have attempted to incorporate multi-level and
multi-objective optimization routines with the compartment-based models. More
precisely, a separate biomass maximization problem is defined for each taxon, which is
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subsequently connected to the community objective function. The result is a samplespecific community metabolic model, representing metabolite consumption/production
capabilities.

Figure 2: Community metabolic network model from annotated GEMs [50].
3.1.1 16S Data Wrangling
The gene sequencing data for conducting this analysis is derived by sequencing the
V3-V5 hypervariable region of 16S bacterial rRNA gene, derived from a study conducted
on 111 subjects, collecting a total of 631 samples over a period of 10 years [54]. For the
sake of reasonable computational simplicity, I chose to normalize the raw reads by
considering the top 39 taxa (on average across all samples), at the genera level resolution,
and discarding the reads not having enough taxonomic resolution. To further maintain the
accuracy of the analysis results, I added the constraint that >75% of total reads in any
sample be included in the final normalized relative abundance under selected 39 genera,
for that sample to be included in the analysis. This constraint made it obligatory to
discard all but 279 samples containing 89.2% of original 16S reads, as the others either
did not have enough resolution at the classification of genus, or did not have genus level
resolution within the considered 39 taxa, or both.
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The normalization process is the simply dividing of the individual taxonomic reads by
the L1-Norm of the sample. The normalized 16S samples finalized for analysis, hence,
sum to unity, and are processed further under the metabolic network modeling pipeline.
A table of the normalized taxa abundances of 279 CF samples with metadata is presented
in Appendix A.
For example, sample ‘SRR6390088’ has the following raw composition:
Table 1: An example of raw 16S reads for a sample, processed from transcriptomic data.
Taxa
Reads

Haemophilus Streptococcus Proteobacteria Flavobacterium
(Phylum)
2577

574

406

180

Rothia
33

Since the reads classified as Proteobacteria are not resolved at genera level, they are
discounted before proceeding for normalization. The reads classified as Flavobacterium
are also discounted as this particular taxon does not fall under ‘top 39 genera.’ Final taxa
to be counted towards normalization, Haemophilus, Streptococcus and Rothia, contain
84.46% of original reads, which classifies this sample to be eligible for normalization and
further modeling. Final normalized sample has the following composition, with reads
converted to relative abundances:
Table 2: An example of final normalized relative abundance of a sample.
Taxa

Haemophilus

Streptococcus

Rothia

Relative Abundance

0.8093

0.1803

0.0104
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3.1.2 Community Metabolic Network Modeling
Multispecies 16S data can be analyzed using the mgPipe routine of the Microbiome
Modeling Toolbox under the MATLAB-based COBRA Toolbox (COnstraint Based
Reconstruction and Analysis) [53], [55]–[57], which requires relative abundance data for
each distinctly identified microbe, to be coupled with genome scale metabolic
reconstructions sourced curated and semi-curated databases like AGORA [58],
ModelSEED [59], BiGG [60], [61], Human metabolic atlas [62] and others. The pipeline
automatically performs to create and simulate personalized microbiota models through
relative abundance data integration. The pipeline is divided into 3 parts, (i) Analysis of
individuals: computing metabolic diversity and classical multidimensional scaling
(PCoA) of individual reactions identified. (ii) Construction of a personalized global
microbial metabolic setup by integrating relative abundances with specific microbial
reconstructions, with reactions coupled to their objective function. These reconstructions
transport metabolites from the extracellular space to the common lumen compartment,
being connected to a diet and fecal compartment, enabling them for uptake and secretions
from the lumen environment. The community biomass reaction, personalized via relative
abundance data, is integrated with coupling constraints [63], applied to couple the flux
through each microbial reaction to its corresponding biomass reaction flux. (iii)
Simulation of constructed personalized microbial metabolic setup under different uptake
regimes. The uptakes can be static, if flux balance analysis (FBA) is performed [63], or
could be variable under a constraint for performing flux variability analysis (FVA) [48],
[64].
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3.1.3 FBA vs FVA
Flux balance analysis is the following linear program, solving to,
𝑚𝑎𝑥𝑣
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

𝑐𝑇𝑣
𝑆11
( ⋮
𝑆𝑚1

⋯
⋱
⋯

𝑣1
𝑆1𝑛
⋮ ).( ⋮ ) = 0
𝑣𝑚
𝑆𝑚𝑛

(1)
𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑒 𝑏𝑜𝑢𝑛𝑑𝑠

𝑣𝑙 ≤ 𝑣 ≤ 𝑣𝑢

Where matrix S is an m x n stoichiometric matrix of reaction fluxes with m
metabolites and n reactions, and c is the vector for linear objective function, vl and vu are
lower and upper bounds, respectively.
Flux variability analysis is used to find minimum and maximum flux for the network,
while maintaining some state of the system, for example 80% of maximum biomass
production. Hence, the solver is solving two optimization problems for,
𝑚𝑎𝑥𝑣 /𝑚𝑖𝑛𝑣
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

𝑣𝑖
𝑆11
( ⋮
𝑆𝑚1

⋯
⋱
⋯

𝑣1
𝑆1𝑛
⋮ ).( ⋮ ) = 0
𝑣𝑚
𝑆𝑚𝑛

(2)
𝑎𝑛𝑑
𝑖𝑛 𝑡ℎ𝑒 𝑏𝑜𝑢𝑛𝑑𝑠

𝑤 𝑇 𝑣 ≥ 𝛾𝑍0 ; 𝑍0 = 𝑤 𝑇 𝑣0
𝑣𝑙 ≤ 𝑣 ≤ 𝑣𝑢 ,

Where 𝐙𝟎 = 𝐰 𝐓 𝐯𝟎 is the optimal solution for system (1), and 𝛄 is the relaxation factor
for suboptimal solution (0 ≤ 𝛄 < 1).
In the analysis, I perform the flux variability analysis for an array of maximum uptake
rates and minimum being no uptake, respectively, to obtain, as a result of simulation, Net

12

Maximal Production Capabilities (NMPCs) of the community in consideration, with
respect to each metabolite. The NMPCs are computed as the absolute value of sum of
maximal secretion flux with maximal uptake flux. These NMPCs are taken as
representative biomarkers of individual model, for further statistical analysis.
The nominal uptake rates of 53 supplied nutrients sourced from [23], who have finetuned the rates by simulating community models to approximately reflect the relative
abundances from 16S data derived from actual patients, is presented in Appendix B.
Approximating a typical lung metabolic environment is a computationally daunting task,
and there will be further progress in accurately identifying the uptake rates once matched
16S and metabolomic data becomes available for large sets of sputum samples.
The genome-scale reconstructions are obtained from large database of AGORA
models [65]–[69]. For simplicity, all microbes are represented at genus level taxonomic
classification, by constructing a genus pan-model of underlying species by combining the
individual reaction fluxes through createPanModels regime of COBRA Toolbox. There
has been evidence suggesting possible limitations of these pan-genome models in
accurately integrating complete metabolic pathways of underlying genera at the
taxonomic level of family and above. Hence, I have refrained from using pan-genome
models of taxonomic families. These pan-models enabled me to include sufficient
samples in our analysis from the original set of 631, for obtaining statistically significant
results for our analysis, as further species level resolution was not available for a
significant majority of these samples.
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3.2 Statistical Analysis of 16S and Modelled Data

For the analysis of multidimensional 16S data and the resultant metabolic model data
from the pipeline, I employed classical Principal Component Analysis along with kmeans clustering [70], to observe community variability and natural tendency of data to
visually organize into groups. Furthermore, this analysis is employed to also examine the
consistency with our assertion that CF communities are microbially diverse but
metabolically similar under some metric.
I attempted to use standard classical parametric and non-parametric tests for
comparing different groups of samples and individual patients, namely Mann-Whitney U
test (Wilcoxon rank-sum test), Fisher’s exact test, Student’s t-test, and ratio paired t-test,
with the false discovery rates (FDR) corrected by Benjamini-Hochberg (BH) FDR
correction [71]–[76]. One of the major criteria for grouping has been discussed in the
section in chapter 4, where dimensionality reduction and data mining results are explored.
I also tested the hypothesis that individual patients have their clinical states more
correlated to each other, with respect to metabolic profile and microbial composition,
than the average cross-sectional profiles.
Diversity indices, essentially entropies, applicable to microbiota data comprise of
different weighting of two components, ‘richness’ and ‘evenness,’ richness being the
count of different taxa observed in a community while evenness refers to the equitability
in distribution of frequency in a taxa community [77]. I explored and investigated the
Shannon diversity across clinical states as a measure of disease progression and lung
function, as it weighs the two components equally [77].
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CHAPTER 4

RESULTS

4.1 Data Mining

Cystic Fibrosis is characterized by episodes of relatively stable lung functioning
followed by episodes of pulmonary exacerbations. To account for this, LiPuma et. al.
[78], [79] classified the 631 samples into 4 categories (Figure 3): Baseline (B),
pulmonary exacerbation before initiation of antibiotic therapy (E), antibiotic treatment of
pulmonary exacerbation (T), and recovery from pulmonary exacerbation (R).

Figure 3: Clinical States Classification for CF
Final 279 samples which were approved to be progressed further for metabolic
modeling pipeline have the microbial make-up as shown in Figure 4, classified by
clinical states. Pseudomonas is distinctly the most abundant pathogen across all the
clinical states by a significant margin, on average, with Streptococcus and Prevotella
forming a significant minority.
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Figure 4: Average relative abundance, depicted as fraction of a whole, when 279 16S
samples are grouped by clinical states. The x-axis is broken down into 3 subplots to better
visualize contribution of less abundant taxa (through scaling of y-axis) in the composition
of these communities.

Figure 5 shows the 279 16S samples in Principal Component space, with first two
principal components explaining ~ 66.2% variance. The grouping of samples by clinical
state is not visually decipherable in the PCA plot into respective categories, which
indicates that this classification does not strongly correlate to the composition of these
communities. In other words, samples comprising different clinical states do not
compositionally constitute distinct communities. Hence, this classification is insufficient
in discerning which genera are hard to treat, which ones may constitute an asymptomatic
colonization, which one flare up the most during exacerbations events, and other similar
longitudinal changes.
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Figure 5: Principal Component Analysis of 279 samples, classified by clinical states, with
relative abundance as distance metric.

4.1.1 16S Data – Community Relative Abundance
To observe compositional subcommunity formation, k-means clustering was
employed in MATLAB on the relative abundance dataset across 279 samples. Elbow
method was employed to ascertain the optimum number of clusters, which suggested 6 or
7 to be optima. From figure 6, it can be deduced that post 7 clusters, the additional cost
of adding a cluster is not worth the additional marginal variance gained in return.
However, it was observed that only a single cluster containing 16 samples from the 6cluster clustering was getting divided into two clusters containing 8 samples each, while
the other clusters remained unchanged. Hence, to obtain statistically significant results in
further analysis, I decided to go with 6 clusters while still explaining significant variance
(~75%) at the same time. The bifurcation of the said 16-sample cluster into two
subcommunities is also talked about in the discussions under section 4.2.2. Figure 7
shows average relative abundance of each taxon in each cluster. The three clusters (2,3,6)
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containing >50 samples each are highly consequential from the perspective of commonly
found CF taxa communities, with cluster 2 being Streptococcus-Prevotella elevated,
cluster 3 being Pseudomonas dominated and cluster 6 being Pseudomonas-Streptococcus
elevated. This association between multi-drug resistant pathogen like P. aeruginosa and
anaerobic CF pathogens has been discussed in the academic community at lengths, and
this spatial closeness seems to be another way of communicating similar inferences of
building stable co-operating bacterial communities.

Figure 6: Total variance explained each set of partitioning. The point/s where change in
variance explained between consecutive clusters is not worth adding another cluster gives
the optimum number of clusters.
To ascertain the correlation of k-means 16S-based clusters with the clinical states , i.e.,
if a cluster predicted statistically high presence of samples belonging to a particular
clinical state, Fisher’s exact test (p < 0.01) was performed. Cluster 1 (heavily
Burkholderia dominated) predicted lower number of baseline samples than cluster 3
(Pseudomonas dominated) (p = 0.0086), suggesting Burkholderia infections are not
generally asymptomatic. Cluster 2 (Streptococcus-Prevotella elevated) and cluster 6
(Pseudomonas-Streptococcus elevated) predicted higher number of exacerbation samples
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than cluster 3 (p = 0.0013 and p = 1.7 x 10-5 respectively), suggesting elevated
Streptococcus to be a significant indicator of pulmonary exacerbations. Cluster 4
(Achromobacter dominated) predicted higher number of treatment samples than cluster 6
(p = 4.6 x 10-4), suggesting Achromobacter infections in CF patients have higher
resilience to antibiotic therapy [80], [81].

Figure 7: Average relative abundance, depicted as fraction of a whole, when 279 16Sbased samples are clustered by k-means clustering. The x-axis is broken down into 3
subplots to better visualize contribution of less abundant taxa (through scaling of y-axis)
in the composition of these communities.
Visualizing these clustered communities on a PCA plot (Figure 8) gives the
impression that samples in a cluster do indeed constitute subcommunities with
compositional closeness, as given by the clusters. Clusters 1, 2,3 and 6 have no
significant overlap in the 2-component PCA plot, and the other two clusters are also
resolved in the third principal component which is difficult to show here.
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Figure 8: Principal Component Analysis of 279 16S samples clustered into 6 k-means
clusters. Most of the samples in Cluster 1 (Burkholderia dominated) appear to be outliers
4.1.2 Community Metabolic Capability (NMPCs)
To explore the hypothesis that metabolic outputs of polymicrobial CF communities
will be more strongly associated to the clinical states than the community relative
abundances, k-means clustering on the metabolite data for the same sample set was
conducted, which yielded similar results with respect to community composition, with
some notable differences (Figure 9). Top 3 “metabolite-clusters” by sample size have
similar qualitative compositions as top 3 “16S-clusters” – cluster 3 being Pseudomonas
dominated, cluster 2 being Streptococcus-Prevotella elevated and cluster 1 being
Pseudomonas-Streptococcus elevated. The change in number of samples in these
respective clusters from their analogues in the 16S-clusters indicates presence of one of
the two scenarios, at first glance – (i) significant change in metabolic functionality with
minor change in community composition, or (ii) two or more polymicrobial 16Scommunities collapsing into a single “metabolotype” community. These scenarios are
explored further on.
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To ascertain the correlation of k-means NMPC-based clusters with the clinical states,
Fisher’s exact test (p < 0.01) was performed. Cluster 1 (Pseudomonas elevated) and
cluster 5 (Pseudomonas dominated) predicted higher number of baseline samples than
cluster 3 (Achromobacter-Stenotrophomonas elevated) (p = 0.005 and p = 4.7 x 10-4
respectively). Cluster 1 and cluster 4 (compositionally diverse) predicted statistically
higher number of exacerbation samples than cluster 5. Cluster 3 predicted statistically
higher number of treatment samples than cluster 1,4 and 5, reiterating the antibiotic
resistance of Achromobacter, and also attaching the same attribute to Stenotrophomonas,
which has also been identified as being unaffected to antibiotic treatments [82].

Figure 9: Average relative abundance, depicted as fraction of a whole, when 279 NMPCbased samples are clustered by k-means clustering. The x-axis is broken down into 3
subplots to better visualize contribution of less abundant taxa (through scaling of y-axis)
in the composition of these communities.
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Visualizing these clustered communities on a PCA plot (Figure 10) gives the
impression that samples in a cluster do constitute a community with metabolic closeness.
Clusters 1, 2,3 and 6 have no significant overlap in the 2-component PCA plot, and the
other two clusters are also resolved in the third principal component which is difficult to
show here. The variance experienced by first two principal components (~72.7%) is
higher for metabolic data than the 16S data (~66.2%), which is also underscored by the
better visual resolution of clusters. Cluster 4 and 5 here are also better visually resolved
than “corresponding” 16S-based clusters.

Figure 10: Principal Component Analysis of 279 NMPC-based samples clustered into 6
k-means clusters.
4.2 Statistical Analysis and Hypothesis Testing

4.2.1 Significantly Different Metabolites among Clinical States
Wilcoxon Rank-Sum Test (Mann-Whitney U Test) [73] was performed on 386
calculated NMPCs to elucidate, if any, statistically significant metabolic differences

22

among these pair of clinical states, across all patient samples (B – 132, E – 56, T – 44, R
– 47 samples) (Figure 11). It is important to note that there were no significantly
different metabolites between the pair of Treatment and Recovery states. Also, the
metabolites for Baseline-Exacerbation pair were reported with higher statistical
significance than other clinical state pairs. To reduce the number of metabolites to be
outputted, the reported metabolites were also required to have an average metabolite
production rate of > 50 mmol/person/day in at least one of the clinical states.

Figure 11: Wilcoxon Rank-sum test of pairs of clinical states. No significantly different
metabolite was found for the pair of Treatment-Recovery states. Apart from being
significantly statistically different, the NMPCs also had to pass against the criteria of being
above a certain absolute threshold value and ratio between NMPC to be over a certain
absolute threshold value.
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It has been observed that patients have significantly varying baseline community
compositions. Therefore, it is reasonable to posit that their subsequent transition during
pulmonary exacerbation, treatment and recovery states will be more associated with the
metabolic outputs of their own baseline communities, rather than with average baseline
composition across the CF population, which has recently been discussed in the literature
[33]. I performed a ratio paired t-test [83] among the pairs of Baseline-Exacerbation,
Baseline-Treatment and Baseline-Recovery states (Figure 12), to determine statistically
significant differences in metabolic capabilities. For this test, a single sample consists of
a log-ratio of a pair of clinical states (B-E, B-T, B-R) for a unique patient. In the case
where more than one sample representing a clinical state is present for an individual,
average metabolic profile of all the samples for that patient in that clinical state is
considered to be the representative.
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Figure 12: Paired ratio t-test conducted for B-E, B-T, B-R pairs of clinical states for
individual patient clinical state pairs. Metabolite abbreviations are taken from VMH
database (www.vmh.life)
4.2.2 Comparing 16S-Clusters and Metabolite-Clusters
Figure 13 shows the correspondence between clusters of the two clusterings based on
the relative abundance data and the NMPC data respectively, by means of shared samples
among the clusters. It was observed that there are primarily two kinds of correspondence
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between the clusters of these two clusterings – (i) clusters with high correspondence, i.e.,
clusters with high percentage of shared samples, and (ii) splitting cluster(s), i.e., cluster(s)
with significant portion of samples diverging out of it into 2 or more clusters. Other than
these two significant relationships, minor sample sharing between clusters is also
observed.
Table 3: Relationships between NMPC-based and 16S-based clusters
S.No.

Relationship

‘From’ Cluster

‘To’ Cluster(s)

1.

High Correspondence (P1)

1 – NMPC

6 – 16S

2.

High Correspondence (P2)

2 – NMPC

1 – 16S

3.

High Correspondence (P3)

5 – NMPC

3 – 16S

4.

Splitting (G1)

3 – NMPC

4,5 – 16S

5.

Splitting (G2)

2 – 16S

4,6 – NMPC

Figure 13: Bipartite chord diagram of samples shared among the clusters of the two
partitionings based on 16S relative abundance data and the NMPC data, respectively.
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The three highly corresponding clusters (Table 3) can be described as following – (i)
Pseudomonas-Streptococcus elevated, (ii) Burkholderia dominated, and (iii)
Pseudomonas dominated cluster, respectively. Due to high degree of correspondence,
they have similar microbial compositions and thus it can also be inferred that they have
similar metabolic profiles.
The Burkholderia dominated cluster is particularly interest among the ‘High
Correspondence’ pairs, with respect to its behavior being centered around the relative
abundance of Burkholderia cepacia. The (14) samples in the NMPC cluster, very
peculiarly, either have a high relative abundance of Burkholderia (> 0.77), or a significant
minority of Streptococcus-Prevotella along with Burkholderia domination. This is
primitively indicative of co-operative metabolic interactions among these microbes. The
other 3 (3/17) samples of the 16S-based Burkholderia dominated cluster, which do not
correspond to the NMPC-based cluster, either lacked Burkholderia domination (2/17), or
a lacked cooperative Streptococcus-Prevotella structure (1/17).
The splitting clusters identified can further be classified as one of two kinds, a single
16S-based cluster splitting into two NMPC-based clusters and vice-versa. One splitting
cluster of each kind has been identified, each of which can be inferred to have a distinct
implication from splitting. 3 – NMPC (9/17) samples common with 4 – 16S (9/9) are
Achromobacter dominated and those common with 5 – 16S (8/16) are Stenotrophomonas
dominated, implying similar metabolic outputs of these two subcommunities. The
Haemophilus dominated subcommunity from 5 – 16S (8/16) seems to find more
metabolic closeness with the diverse 4 – NMPC. However, there are not enough samples
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in these clusters to statistically test these visual-observations-based inferences. A more
extensive and taxonomically resolved dataset from further studies will be of significant
assistance in providing strength to these claims.
2 – 16S (73) samples common with 4 – NMPC (46/62) are compositionally diverse
with abundant satellite taxa and no single taxon or a pair of taxa dominating the cluster,
and those common with 6 – NMPC (27/28) are Streptococcus dominated with significant
minority of Prevotella, which implies metabolic disengagement of these two
compositionally proximal subcommunities. These two diverging subcommunities contain
enough samples to obtain statistically significant test outcomes, and hence a Wilcoxon
rank-sum test (Figure 14) was conducted to find significantly differing metabolites
between 4 – NMPC and 6 – NMPC.

Figure 14: Wilcoxon Rank-sum test between the clusters: 6 – NMPC and 4 – NMPC,
representing cluster-average for significantly different NMPCs (p<0.05). To further reduce
the number of NMPCs, the reported metabolites were also required to have an average
metabolite production rate of > 50 mmol/person/day in at least one of the clusters.
Metabolite abbreviations are taken from VMH database (www.vmh.life)
16S rRNA sequenced microbiome datasets are compositional in nature, i.e., microbial
abundances can only be viewed in relation to other components of the dataset and are not
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truly independent [84] . Hence, traditional comparative analysis with Bray-Curtis
dissimilarity and Euclidean perspectives do not account for the compositional nature of
data. Figure 15B shows normalized Aitchison distance [85], [86] between 16S-based
clusters, and NMPC-based Pseudomonas dominated (5 – NMPC) and Streptococcus
dominated (6 - NMPC) clusters, respectively, as these two are the most abundant taxa
across found across population.

Figure 15: A) Heatmap depicting number of common samples among clusters. B)
Normalized Aitchison-distance between 16S-based clusters, and NMPC-based
Pseudomonas dominated (5 – NMPC) and Streptococcus dominated (6 - NMPC) clusters,
respectively. C) Stacked bar chart representing average relative abundance for 16S-based
clusters and D) NMPC-based clusters
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4.2.3 Polymicrobial CF Lung Community Diversity
A crucial challenge in understanding CF microbiome patterns that warrants further
investigation is the relationship between CF lung microbiota diversity and lung function
[87]–[90]. Common patterns of decrease in diversity with increasing lung disease severity
were observed (Figure 16A). Diversity is significantly lower in severe category (FEV1 <
40%) than moderate and mild/normal categories. Conversely, counterintuitive pattern
was observed between the mild and moderate categories, where the diversity was
elevated with moderately decreasing lung function. The relationship between lung
function ( represented by FEV1, volume of air forcefully exhaled in 1 sec) and microbiota
diversity was further explored via linear regression analysis, which elucidated a very
weak relationship (Figure 16B, R2 = 0.01). which implies no explicit correlation between
the two when compared across all clinical states or k-means clusters. Multivariate
analysis of variance (ANOVA) across the three categories of lung function severity
revealed reduced levels of adenosine with increasing disease severity, which supports
current findings in CF metabolomic studies [91], [92].
Shannon diversity (H) was further explored within high correspondence cluster pairs
and splitting cluster pairs by means of box plots, with clusters containing significant
samples (>20). In the figure 16C, NMPC-based Pseudomonas dominated cluster showed
paltry samples at the high end of diversity index, however the median (H ~ 0.47) as well
as the box width of the P3 clusters were nearly identical. In the figure 16D, NMPC-based
Pseudomonas-Streptococcus elevated cluster (H = 1.38) was observed to have lower
diversity than the corresponding 16S-based cluster (H = 1.32) in P1, with similar box
sizes. Rather interesting was the splitting cluster group G2 (Figure 16E), where the 16S-
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based cluster (H = 1.54) was observed to split into two NMPC-based clusters with
median diversity seemingly splitting into higher (NMPC – 4, H = 1.64) and lower
(NMPC – 6, H = 1.20) than the original 16S-based cluster.
Diversity was calculated for the sample population across each of the clinical states
(Figure 16F), where it was observed that group microbial diversity increased
substantially during pulmonary exacerbation, which disagrees with the current literature.
The group diversity further increased during antibiotic treatment, which remained
approximately the same after antibiotics were stopped.
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Figure 16: A) Box plots of Shannon diversity index for 279 samples grouped by FEV1. B)
Linear regression for analyzing relationship between patient FEV1 and diversity (R2 = 0.01)
across 279 samples. Box plots of Shannon diversity for C) High correspondence cluster P3
(Table 2), D) High correspondence cluster P1, and E) splitting cluster G2. F) Box plots of
Shannon diversity index for 279 samples grouped by clinical states.
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CHAPTER 5

DISCUSSION
In silico metabolic modeling was undertaken to transform the 16S-based relative
abundance data into sample-wise metabolic capabilities of polymicrobial CF
communities to investigate for significant metabolic indicators of clinical states via
clustering. K-means clustering was done on both, the 16S-based relative abundance data
and the metabolic capabilities (NMPCs) derived from the same through pipeline. As per
the principal component analysis, NMPC based data was able to explain ~6.5% more
variance than the 16S-based based data with only first two principal components, which
prima facie suggests possible collapse of multiple 16S-communities into a relatively
smaller number of metabolotype communities, as community metabolic capabilities
explain more variance than composition. However, a deeper analysis revealed that while
some compositional communities do coalesce on the grounds of metabolic proximity,
small compositional variation can also lead to significant metabolic differentiation in
other communities.
Across both the clusterings, the cluster with elevated Pseudomonas containing
significant minority of Streptococcus and other taxa, and the one with StreptococcusPrevotella elevated was found to predict statistically higher number of samples with
pulmonary exacerbations than the Pseudomonas dominated cluster. Also, Pseudomonas
dominated cluster predicted higher number of baseline samples than the multi-drug
resistant Burkholderia dominated 16S-based cluster, and AchromobacterStenotrophomonas elevated NMPC-based cluster. This suggests more significant role of
other opportunistic pathogens and development of a diverse microbial community in CF
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pulmonary exacerbations, as opposed to conventional belief that pulmonary
exacerbations are due to elevation of a certain pathogen.
Dimensionality reduction of the multidimensional microbial abundance data revealed
that the compositions are not strongly related to clinical progression of the disease, across
the patient population. This led us to the hypothesis that patient lung microbial
communities, and subsequently the modelled metabolites across disease progression, are
correlated with the baseline metabolic profiles of the same patient. This was an attempt to
study together the effects of longitudinal and cross-sectional variance in the predicted
metabolites. This analysis predicted a subset of differentially synthesized metabolites,
with slightly lower but enough statistical significance, with respect to a pure crosssectional comparison between the Baseline-Exacerbation pair (27 patient pairs), with the
exception of citric acid, which was predicted to be significantly reduced during
pulmonary exacerbations. Pyruvate was observed to be significantly diminished in
exacerbation samples [93], [94], which along with decreased adenosine hints towards
increase in microbial pyruvate kinase metabolism with advancing disease severity. It is
also important to note that metabolites related to aromatic amino acid (AAA) metabolism
were found to be differentially elevated in Baseline as compared to Exacerbation, which
again got elevated during Treatment. The set of differentially synthesized metabolites for
Baseline-Treatment and Baseline-Recovery pairs, respectively, were completely disjoint
for patient-wise log ratio t-test when compared with an across-population Wilcoxon ranksum test. Even though some studies have rejected association of microbiome and
metabolites across clinical states in limited longitudinal studies [33], [95], these
predictions will be substantiated or negated once large-scale combined CF microbiome-
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metabolomics data with extensive epidemiological metadata has been acquired and
analyzed.
Bipartite chord diagram between 16S-based clusters and NMPC-based clusters
revealed 3 pairs of clusters with high sharing of samples (P1, P2, P3), and two groups of
3 clusters each (G1, G2), representing cluster-splitting. The analysis shows that
Burkholderia cluster pair (P2) is compositionally and metabolically very distinct from the
rest, which is further buttressed by high normalized Aitchison distances between the 16Sbased Burkholderia cluster, and Pseudomonas dominated & Streptococcus dominated
NMPC clusters respectively (Figure 14B). The other two pairs, P1 and P3 suggest that
Psuedomonas dominance and Pseudomonas-Streptococcus symbiotic relationships are
metabolically distinct as well as highly prevalent in CF patient populations. G2
demonstrates significant metabolic distinctness between Streptococcus-Prevotella
elevated community (with considerable minority of Fusobacterium, Porphyromonas and
Haemophilus) and Streptococcus dominated community (with significant amount of
Prevotella). This observation supports the hypothesis that significant variation in
metabolic functionality can be brought by minor changes in community composition,
particularly for those communities with elevated Streptococcus and low Pseudomonas.
A linear regression analysis of lung function and microbial community diversity
revealed that virtually no linear correlation exists between the two if analyzed across the
whole population. However, when grouped by disease severity, diversity seemed to first
increase slightly and then decrease drastically with decreasing lung function. Hence it can
be posited that the episodes of pathogenic dominance are preceded by diverse competing
microbial habitats, which can be explored in further studies.
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These observations have the potential to be major players in determining right
combinations of taxa and metabolites, and determining features for the design of
experiments for in vitro modeling of a CF lung environment. Even though this study did
not identify a single metabolic biomarker to strongly predict pulmonary exacerbations
and disease severity, conducting more longitudinal, as well as cross-sectional studies,
combining metabolic modeling and metabolomics would definitely elucidate the complex
etiology of this disease. Mutually reinforcing in silico and in vivo studies would also
assist in accurately identifying uptake rates for nutrients which constitute a lung
metabolic environment, currently a major limitation in accurately constructing airway
metabolic models and subsequently identifying patterns. Lastly, focusing towards
including fungal as well as viral infection data in CF airways through advanced
sequencing methods, and identifying their metabolic and non-metabolic interplay with
bacteria as well as the host will open more avenues in holistically comprehending CF
lung microbiome.
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APPENDICES

A. Normalized taxa abundances of 279 CF lung sputum samples from 79 patients
and metadata based on data from [10].

B. Nutrient uptake rate bounds for 53 supplied nutrients used in community
metabolic modeling [23].

C. Net maximal metabolic capabilities of 279 community metabolic models in terms
of 386 exchanged metabolites.

D. Interactive Chord diagram representing correspondence of samples among 16Sbased and NMPC-based clusters

E. Average relative abundance of 39 taxa across 279 samples.

F. Average relative abundance of 39 taxa in each 16S-based cluster

G. Average relative abundance of 39 taxa in each NMPC-based cluster
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