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ABSTRACT

Motivation: Altered metabolism is a key contributor to pathology in multiple dis-

ease states. In cancers, metabolic shifts are crucial to providing the tumor cells

with the energy and substrates necessary for uncontrolled proliferation. Altered

metabolism can exist within certain pathological cells, or within a population of cells.

Unfortunately, direct measurements of single-cell metabolism are extremely limited.

However, single-cell flux prediction software can be used to infer cellular metabolism

from readily available transcriptome data. Two recent single-cell flux prediction tools,

Single-cell Flux Estimation Analysis (“scFEA”) and Compass, have been used in re-

search and have been validated by direct metabolite measurements. The two systems

make use of highly disparate methods. By adapting the outputs of these tools, I

hypothesized that they can work in concert to provide a higher confidence flux pre-

diction at multiple levels of resolution within a metabolic pathway.

Results: I developed a method to compare the outputs of Compass and scFEA and

to determine the patterns of agreement between the systems. By creating and testing

multiple methods of mapping metadata to reaction identifiers, and applying func-

tion composites to Compass outputs, I identified a method that showed the highest

general similarities with the outputs of scFEA across reaction clusters. I demon-

strated the application of this method to the results from running the two systems

on bulk and single-cell RNA-seq data. This analysis showed broad biological areas of

agreement between the results, including processes related to cellular energy produc-

tion, and both nucleotide and amino acid metabolism. Bulk and imputed data was

shown to sharply reduce the consensus between the systems. By creating a separate

reaction-level method, I validated my consensus approach across individual reactions.

This additionally revealed that the previous patterns of disagreement between the

systems spanned entire groups of related reactions. I tested the consensus measures

on two matched transcriptome and metabolomics datasets. The results suggest that

consensus between the two systems may indicate that both are coherent with direct

metabolic measurements.
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Chapter 1

Introduction

In pathological conditions, such as cancer, neurodegenerative disorders, and autoim-

munity, metabolism plays a critical role in both disease severity and progression [2,

16, 17, 41, 57]. In such pathological states, metabolites are involved in both both

cell-signaling and proliferation [41].

The study of metabolism at the single-cell level is particularly critical to cancer

research. A tumor is comprised of multiple cell types, with varying adaptations

to locations and stressors, such as hypoxia [2, 7, 47]. The convergence of these

microenvironmental adaptations with the need for increased proliferation results in

distinct metabolic profiles amongst tumor cells [2, 7, 47]. Measurements of such

metabolic profiles have been reported to provide provide cancer-specific metabolite

signatures [19]. These signatures can potentially identify the originating tumor type

of metastatic cells [19]. It is also known that various classes of immune cells within a

tumor can also undergo extensive metabolic shifts, some of which may contribute to

either tumor proliferation or the initial transformation into a malignant state [7].

Once malignancies have been established, tumor cell populations undergo not only

separate adaptions to their microenvironments, but to the increased metabolic de-

mands required for uncontrolled growth [2, 52]. In order to maintain a high rate

of cell division, malignant cells employ various strategies to obtain large amounts

of energy and metabolic precursors required to synthesize vital cell components, in-

cluding genetic material, lipids and proteins [2, 52]. It is therefore unsurprising that

metabolites are a common target of chemotherapeutics [34, 41]. Thus, from both a

diagnostic and therapeutic perspective, it is clear that interrogating the metabolism

of individual cells may reveal critically important cell-specific characteristics that bulk

metabolomics cannot [19, 22].
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Despite the importance of such metabolomics data, and the insights it could pro-

vide, there is little utility to the data provided by modern single-cell techniques [2,

19, 22]. Currently, single-cell metabolomic measurement protocols suffer from high

expense and typically identify only a small fraction, 0.5% or less, of the estimated

two-hundred thousand metabolites in the human metabolome [2, 22, 59]. Thus, the

advantages of direct single-cell metabolomics cannot yet be realized [2, 22].

In response, several recent methods have been developed to predict the single-

cell metabolome from single-cell transcriptomics data [22]. These programs predict

metabolic flux, the rate at which metabolites are produced or consumed by a reaction

[9, 39]. Flux prediction software has been applied to the study of tumor cells and

immune cell populations [2, 15, 57].

Two single-cell flux prediction systems, Single-cell Flux Estimation Analaysis

(“scFEA”) and Compass, have recently been introduced, and have been used to pre-

dict the metabolic states of either tumor or autoimmune cells [2, 57]. These systems

have been validated by direct metabolomics, but only in specific domains, and even

then, only for highly select processes [2, 57]. However, the markedly different methods

used by these tools, as well as their at least partial metabolomics validation, suggests

that they could be exploited to their fullest by deploying the tools in concert.

Despite the potential to provide an enhanced level of confidence in single-cell

metabolic predictions through a consensus approach, comparing the outputs of scFEA

and Compass presents a substantial challenge. The two systems make use of different

metabolic models, operate at different levels of reaction resolution, and provide their

flux predictions as either flux values or the likelihoods of fluxes being near or at

optimum. Further, independent testing or benchmarking of these single-cell flux

prediction systems relative to one another appears to be non-existent in any published

form. Such testing might suggest the types of originating data or cellular states where

the systems agree by way of independent agreement upon with the metabolomics data.

Thus, to address the problem of whether the outputs of the systems can be com-

pared, and the utility of such a comparison, this thesis attempts to resolve several

key questions. The first and most pressing is whether there is a method that will

allow for a meaningful comparison between the systems. Second, given that such a

method exists, I attempt to answer to what extent do the systems find agreement

and at which levels of pathway resolution. Using consensus measures I will attempt

to address whether or not there are there certain types of data, such originating sam-

ples or cells, or pathological states, where these systems agree and on what biological
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processes. I will also attempt to answer the question of how well these systems agree

with each other, and with the metabolomics data, when presented with novel matched

datasets.

1.1 Thesis Objectives

The overall objective of this thesis is to determine whether current single-cell flux

prediction methods can be used in a complementary workflow through a consensus

interpretation of their outputs. The disparate methods and outputs of these systems

hinders any direct comparison of their predictions. Therefore, this thesis has three

related goals: The first is to design a method that allows the flux-prediction outputs

of scFEA and Compass to be compared when they are run on a common dataset.

The second is to gain an understanding of the data types, originating samples, and

system parameters for which scFEA and Compass can achieve consensus. The third

is to test the prediction capacity of these systems, alone and in concert, on matched

datasets outside of their original validation domains.

1.2 Thesis Contributions

This section lists the major contributions of my thesis.

1. I created a method that adapts the flux predictions of scFEA and Compass so

that their results can be automatically compared. This provides a method to

determine the similarity in flux predictions for a particular cell, or the similarity

in the predicted trends in a particular flux, across cells.

2. I created an alternate correlation method that can compare the results of scFEA

and Compass at the reaction-level. I use this second method to validate the

agreement in flux trends observed using my first method, as well as assess the

measures of, and quality of disagreements, established by the first method.

3. Using this second method, I show two separate measures of agreement and dis-

agreement between the two systems, and demonstrate why a positive correlation

indicates a broad disagreement across a wide range of reactions.
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4. With a method of comparing the two systems, I demonstrate the extent to

which the predictions of these systems agree when run on bulk and single cell

RNA-seq data, including both healthy and pathological samples.

5. I demonstrate how this method can be used to show consensus between the

systems at various levels of resolution, including clusters of related reactions,

biological processes, and globally across the entire metabolome.

6. I present the results of running scFEA and Compass on the opposing system’s

dataset, and the resulting performance of these predictions when compared to

direct metabolomics measurements.

7. I show how the consensus testing between the systems can serve as a surrogate

measure of agreement or disagreement with direct metabolic measurements.

8. I present a set of best practices for using the two systems in a consensus ap-

proach.
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Chapter 2

Background

In this chapter, I will review the influence of messenger RNA quantity over cellular

metabolism and describe how metabolism can be measured. I will discuss how discrete

reactions and genes can be related and structured into metabolic models describing

the metabolic network within a cell. I will review established methods of estimating

the metabolism in a cell or sample. With this, I will discuss two current methods of

estimating metabolism at the single-cell level using gene expression inputs, single-cell

flux estimation analysis (“scFEA”) and Compass. I will end this chapter with a brief

review of the technical limitations associated with single-cell gene expression data.

2.1 Messenger RNA and metabolism

Messenger RNA (“mRNA”) can code for enzymatic proteins that can serve as biolog-

ical catalysts, and greatly increase the rate of their associated reactions. The expres-

sion of any protein, including enzymes, depends on mRNA abundance, the rate of

translation, and the degradation rates of both the mRNA and its protein product [8].

The link between protein concentration and reaction rate can be described in terms

of Michaelis-Menten kinetics. By Michaelis-Menten kinetics, the rate of a catalyzed

reaction is dependent on the concentration of both the substrate and the enzyme [27,

29, 48]. Thus, in theory, mRNA levels should correlate with the rates of the metabolic

reactions that are catalyzed by the enzymes that they code for.
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2.2 Metabolic flux

Metabolism can be measured by either metabolic flux or through the quantification

of a metabolite [40, 57]. Flux has been described as the instantaneous rate at which

a given pathway or reaction can produce or consume a substrate or product, such as

a molecule or amino acid [51, 57]. Conceptually, unsolved flux can be thought of as

a single variable, with dimensions of moles per unit of dry cellular mass per unit of

time, associated with the stoichiometric coefficients of every reactant or product of

each reaction or pathway [39, 57].

2.3 Measuring metabolism

Metabolites can also be directly quantified through technologies such as mass spec-

trometry (MS) or nuclear magnetic resonance spectroscopy [40, 60]. Direct measures

of bulk metabolite pools have been used to infer the success of in-silico flux predic-

tion systems by comparing the differential quantities between two samples [2, 57].

Kinetic assays can also be used to infer flux from direct time-series measurements,

and have been used as a performance measure for flux prediction software [2, 57].

Mitochondrial or glycolytic flux can be measured by a Seahorse assay, while labeled

isotopic tracing experiments and electron flow assays can provide data to estimate

reaction-level flux [11, 33, 38, 44].

2.4 Metabolic models

In order to estimate metabolism in an entire cell, metabolic models are required to es-

tablish the relationship and connection between genes, metabolites, and reactions [45].

These models are created computationally, drawing on existing databases of metabolic

reconstructions. The models can be created using data that includes organism-specific

annotations for metabolic genes, experimental data related to metabolic processes,

phenotypes, and cellular energetics [45, 54]. Essential to flux prediction at the most

basic level, these models can be converted into a stoichiometric matrix that con-

cisely defines the interdependencies between reactions sharing common substrates or

products [18, 35, 45, 49].
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2.5 Flux-Balance Analysis and the steady-state as-

sumption

A long-established method of estimating the metabolic flux is flux-balance analysis

(“FBA”) [2, 22, 39]. In this method, a stoichiometric matrix is constructed from a

metabolic model. The coefficients of each reaction are written column-wise, and the

sign of the coefficient corresponds to the production or consumption of a particular

metabolite assigned to a row [39]. The matrix is multiplied by a column vector of

variables representing fluxes [22, 39]. The resulting linear equations then represent

the rate of change of each metabolite, and are set to zero under the assumption that

the system is at steady state, the condition of unchanging metabolite quantities over

time [39]. Linear programming is used to solve for the solution to each equation,

while optimizing a desired objective function, such as maximizing cell growth [39].

Each solution then represents the flux through a particular reaction [39]. Historically,

indirect measures of metabolic activity, such as E.coli growth, or known metabolic

properties, have been used to support flux-balance predictions [39, 57].

2.6 Single-cell RNA-seq

Quantitative RNA-sequencing can be used to count the number of transcripts within

the cell as either individual transcript variants or by their common gene of origin [32].

RNA quantities are closely linked to both healthy and pathological cellular states [32].

As messenger RNA codes for enzymes, RNA has been used to estimate metabolism

[53]. However, bulk RNA-sequencing utilizes samples comprising potentially millions

of cells, and this lack of resolution obscures the distinct transcriptomic states of

individual cells or cell populations [20].

Recently, single-cell RNA-sequencing has been used in the discovery of cell-specific

regulatory mechanisms and novel cell types [20]. It has been used in the study of

heterogenous tumor cell populations and their associated immune populations, as

well as their evolution [25, 32].
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2.7 RNA-seq and the refinement of flux estimation

As they are based purely on reaction stoichiometric matrices, traditional FBA has

no way of differentiating cell or sample-specific metabolic profiles. While objective

functions based on an observed phenotype can be used to calculate inferred metabolic

differences between populations, the linear programs created by FBA traditionally

have no directly-measured cellular inputs [39]. RNA-seq data, either at the bulk or

single-cell level, provides a way of differentiating flux predictions by either population

or cell, based on the expression of mRNA coding for catalyzing enzymes [2, 15, 22]. As

mentioned in section 2.1, such genes can influence the maximum rate of catalysis, and

are associated with each reaction by a metabolic model or its underlying database.

Thus, incorporating gene expression into a predictive model holds the potential to

provide specific and refined estimates of cell or sample metabolism.

2.8 Single-cell Flux Prediction Systems

Computational methods used to predict single-cell metabolic flux have only recently

advanced [22, 39]. Currently, only a handful of methods applicable to broad metabolic

profiling at the single-cell level appear to exist [2, 22].

Optimized solutions to the flux-balance equations can be constrained by single-

cell transcriptomics [15]. Such a method has reportedly been used to predict the

metabolism and metabolite exchange in the tumor microenvironment of lung and

breast cancer cells [15]. In this model, the constraints internal to the stoichiometric

matrix, such as flux across cells, as well as upper bounds on each flux variable based

on transcript levels are created [15, 39]. However, there is some question as to whether

the assumption of a steady-state should be applied to deeply perturbed systems such

as cancer cells [2]. Without direct validation, it is unclear whether single-cell flux-

balance analysis can accurately model the metabolism of human tumor cells or their

associated immune populations.

Two methods, a transcriptome-constrained FBA-based system (“Compass”), and

a graph neural network system (“scFEA”) were developed. Both of these systems have

had their predictions validated by direct metabolic data. Although such metabolic

measurements were limited in scope, and were quantified at the bulk sample level

rather than the single-cell level, they suggest that both Compass and scFEA may

provide accurate predictions of metabolism at the single-cell level [2, 15, 57].
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2.8.1 Compass

Compass is a newer constraint-based FBA method that uses a penalty matrix derived

from the single-cell transcriptome to generate a series of cell-specific objective func-

tions [57]. The system outputs a penalty for a reaction based on both a calculated

flux optimum, and the expression of a transcripts that code for enzymes catalyzing

that reaction [57]. Compass does not output a flux prediction, but rather a set of

reaction penalty scores where more penalized reactions are those that are less likely

to achieve optimum [57].

The reaction penalty scores are calculated by a two-step process. This output is

generated by two separate algorithms. In the first step, the optimal flux for every

reaction is estimated by a traditional flux-balance analysis using a stochiometrically-

derived constraints from the Recon2 metabolic reconstruction [57]. In this step, the

flux through each reaction is set as an objective function to maximize and each re-

sulting linear program is solved. With the optimal fluxes for each reaction calculated,

penalty scores are calculated for every reaction in every cell in a second step. A

previously created matrix contains a collection of inverse transcript values for which

higher transcript results in a lower penalty, and a lower transcript level results in

a higher penalty. In the second algorithm, a cell-specific objective function is cre-

ated by summing every flux variable multiplied by its corresponding penalty matrix

coefficient. Iterating through each reaction, one reaction is held within 95 % of the

optimum determined by the first algorithm, and the linear program, subject to similar

constraints as the first, is solved to minimize the overall reaction penalty function.

The algorithm iterates through each reaction in a cell, and then iterates to the next

cell. Conceptually, the reaction penalties generated by the Compass algorithm can

be thought of as the minimal global flux profile required, subject to transcriptomic

effects, required to maintain a high flux through a particular reaction [57]. It is im-

portant to note, however, that previously calculated penalties are not used to refine

downstream calculations.

Reportedly, Compass was able to predict a large set of altered features in pathogenic

Th17 cells relative to healthy controls [57]. While not all of these features were verified

by direct metabolomics, some validation related to glucose, polyamine and fatty acid

metabolism was performed [57]. When assessed against liquid chromatography/mass

spectrometry data (LC-MS), the system partially succeeded in identifying a set of

increased reactions within both glycolysis and the TCA cycle, which were mirrored
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increased LC-MS abundances for the products of those reactions. The system was

also successful in predicting increased beta oxidation during glucose starvation [57].

2.8.2 Single-cell Flux Estimation Analysis (“scFEA”)

scFEA is an unsupervised graph neural network model that does not rely on either

FBA or linear programming methods [2, 61]. The system operates through a collec-

tion of neural networks that use the gene expression associated with their respective

reactions to estimate fluxes. The flux outputs of the neural networks are connected

through a factor graph, and a four-term loss function that is minimized during train-

ing, primarily by the reduction of flux imbalance across the factor graph [2].

A key distinction between scFEA and Compass is the grouping of related reactions

into 168 metabolic modules. The scFEA system uses a metabolic map derived from

KEGG pathway data. The metabolic map is converted to a stochiometric matrix,

which undergoes a network reduction. In this step, clusters of reactions defined by a

stochiometric matrix, derived from the metabolic map, are collapsed into modularized

groups of reactions based on specific criteria. Connected reactions are grouped into a

module if the reactions within that module are connected only to each other through

a common metabolite, or to the incoming substrate or outgoing product metabolite

[2]. Each module is further defined as having a single influx and outflux reaction [2,

61]. As a result, scFEA predicts the total flux through a module, and not through

its individual reaction components.

With the reduced stochiometric matrix, scFEA constructs a factor graph. In

this graph, each of the variable vertices represents a reduced metabolite producing

pathway, and each of the factor vertices represents a metabolite [2]. Related metabo-

lites are merged together to further reduce the complexity of the graph [2]. The

factor vertices are associated with a metabolite-specific loss function that takes as

input neural-network derived flux estimates from the variable nodes connected to

that metabolite hub [2]. The loss function operates to minimize the difference of

the summed fluxes that produce or consume the associated metabolite, a condition

known as flux imbalance. Each of these reaction loss functions is incorporated in a

broader per-cell loss function to be minimized. [2].

While the loss function used by scFEA attempts to approach a steady state con-

dition, it does not reach it. This may be an advantage when studying cancer cell

metabolism, since the steady-state assumption may not apply in settings of patho-
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logical dysregulation [2]. This is a key distinction between scFEA and flux-balance

analysis systems, which universally require the steady-state assumption [2].

One of the strongest pieces of evidence supporting the use of scFEA is its valida-

tion by directly measured TCA and glycolysis metabolite abundances. Following a

knockdown of a gene known to be involved in DNA damage and hypoxia response in

a pancreatic cancer cell line (“Pa03C”), the fold changes in the predicted metabolic

fluxes, for the glycolysis and TCA cycle modularized reaction clusters, were calcu-

lated for the control and knockdown samples. [2, 6, 10]. The product metabolites

associated with these fluxes were measured in the same cell types, and the predicted

flux fold changes between the cell types were found to be strongly correlated with the

corresponding metabolite fold changes [2].

2.9 Technical challenges of single-cell RNA-seq

data

Despite its potential, single-cell data presents numerous challenges. Zero values aris-

ing from technical limitations can cause extensive data sparsity, and the stability of a

signal arising from mapped single-cell reads is generally reduced relative to bulk [30].

This area has proven to be controversial, as certain zero values may be accurate, and

faithfully represent the underlying transcriptomic state of the cell [24]

In the context of flux prediction, both scFEA and Compass have methods to

address this data sparsity. Measures to impute missing values can include probabilis-

tic methods, which replace missing zeros based on their values in cells with similar

expression, and data smoothing techniques where all values are adjusted based on

genetically similar cells [30]. scFEA uses the former strategy, and can impute missing

values by invoking the Markov Affinity-based Graph Imputation of Cells (“MAGIC”)

Python package when processing input data. Compass can use the latter strategy, a

k-nearest neighbors (“KNN”) data smoothing method.
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Chapter 3

Methodology

In this chapter, I describe the methods that I used to determine the similarities

between the outputs of Compass and scFEA, as well as the application of these

methods to both human and mouse results from these systems. I first detail the

command line parameters, versions and libraries that I used when running scFEA

and Compass. The next section illustrates how I grouped the reaction identifiers

used by Compass into collections approximating those of an scFEA module. In the

following sections, I describe the experiments I used to test the performance of eight

composite functions that calculate and extract a single Compass measure to represent

each module. I further detail my use of the highest performing method to illustrate

areas of consensus between the two systems for a broad range of biological processes.

The following sections show how I performed additional similarity testing at the

reaction-level. In the final sections, I describe how I tested scFEA and Compass

on new sets of single-cell data with matched metabolic measurements, and applied

consensus measures to the predicted flux results.

3.1 Compass

Compass is a single-cell flux-balance analysis method that predicts the likelihood of

optimal, or near optimal flux through a particular reaction [57]. Compass outputs a

reaction penalty score, with higher scores predicting that optimal flux for a reaction is

less likely [57]. Both the forward and reverse penalties are calculated for a reversible

reaction [57].

In this thesis, Compass version 0.9.10.2 was run under Python 3.8 with CPLEX
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optimization studio version 20.10 and numpy version 1.21.5. The species parameter

was set to either human or mouse as appropriate. When k-nearest neighbors smooth-

ing (“KNN”) enabled, the lambda smoothing parameter was set to 0.25, as in Wagner

et al. [57].

3.2 scFEA

scFEA uses a graph neural network to predict single-cell fluxes through reduced sets of

reactions known as modules [2]. scFEA predicts a single signed net flux corresponding

to the production of one metabolite that is converged to by the reactions within the

module [2]. For these predictions, the fluxes are signed by their direction relative to

the output metabolite [2].

Here, scFEA version 1.1.2 was run under Python 3.9 with Pytorch version 1.11.0.

The provided human or mouse gene sets and stoichiometric matrices were used as

appropriate. Imputation was enabled as necessary during testing, using magic-impute

3.0.0.

3.3 Automating the Comparison of Compass and

scFEA results

A consensus between the flux predictions of scFEA and Compass could allow for both

the increased reliability of flux estimates, and improved confidence in the reaction-

level outputs provided by Compass. Because scFEA outputs a single predicted flux

through a grouping of connected metabolic reactions (“modules”), and Compass out-

puts are at the single reaction-level, a comparison between the systems required map-

ping individual Compass reaction penalties to scFEA modules.

3.3.1 Re-creation of scFEA reaction module collections with

Recon identifiers

My first goal was to generate a key that could map collections of Recon reaction iden-

tifiers, used by Compass, to the reactions within the modules of scFEA. As manually

mapping the over 10000 forward and reverse reactions in a typical Compass output

to the 168 scFEA human modules was not feasible, I automated the process.
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Supplementary table S1 by Alghamdi et al. contains the reactions for each module

in their human metabolic map [2]. Metabolic reactions can be identified by multi-

ple naming conventions. This includes the R numbers (“KEGG id”) curated by the

Kyoto Encyclopedia of Genes and Genomes (“KEGG”) database and the Enzyme

Commission (“EC”) number, which classifies and identifies enzyme-catalyzed reac-

tions [3, 23, 26]. Within supplementary table S1 of Alghamdi et al., both the KEGG

reaction identifier and EC number for each reaction are listed [2]. This provided me

with a path to mapping the individual reactions within an scFEA module to a set

of Recon identifiers used by Compass. To create a minimal set of mappings, I used

the KEGG identifier alone. To create the largest set of Recon identifiers possible per

module, I used a combined set of both the KEGG identifiers and EC numbers.

Two sets of metadata were required to perform the mappings. These were the

reaction metadata (“rxn md.csv”) provided by the Compass GitHub repository and

a separate set of metadata from the Virtual Metabolic Human (“VMH”) database

containing reaction data for the current version of Recon [13, 56]. The metadata from

the VMH database contains both the EC numbers and KEGG identifiers matched

to their corresponding Recon reaction identifiers. However, as the EC numbers were

not uniquely matched to some Recon reactions in the VMH metadata, I chose to use

the Compass metadata exclusively for the EC number and the VMH metadata for

the KEGG ID. To ensure the broadest possible matches for the KEGG identifiers, I

downloaded the data for all of the 13543 reactions available under human metabolism

from VMH.

I extracted each collection of modularized KEGG reaction identifiers and EC

numbers from the module information in the supplementary table S1 of Alghamdi et

al. Each collection of reactions, corresponding to one module, was separated by a

header in the “Module reaction” worksheet of supplementary table S1. I extracted

each set of KEGG identifiers or EC numbers accordingly.

For each module, I mapped each set of KEGG ids or EC numbers to the corre-

sponding Recon reaction abbreviations within either the Compass or VMH metadata.

To create a single list of Recon identifiers for each module, I merged any two sets of

module-mappings, originating from either the EC or KEGG identifiers, and elimi-

nated any duplicates. This provided me with a table that listed the Recon identifiers

that were uniquely mapped to each of the scFEA modules.
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3.4 Comparison of modularized Compass penal-

ties to scFEA predicted fluxes using three data-

sets

To investigate the similarities between the Compass and scFEA predictions for a broad

range of data, I selected three RNA-seq datasets. Because Compass requires gene

inputs scaled for library depth, and does not have explicit support for 10x sequencing,

I searched for non-10x datasets that were pre-processed with normalization to CPM,

TPM or FPKM [55]. As both Compass and scFEA require gene symbol inputs, I

additionally chose data with symbol identifiers to avoid potential loss during gene

identifier conversion.

Both scFEA and Compass can employ imputation strategies on an input dataset

prior to flux prediction [2, 57]. scFEA applies MAGIC imputation directly to the in-

put data, while Compass implements k-nearest neighbors smoothing on the transcript-

based penalties it assigns to fluxes. Both of these methods are used to reduce the

number of zero values in a dataset, as well as to limit the effects of random noise [2,

57]. Thus, to measure the similarity between Compass and scFEA in samples where

the effect of cell-to-cell expression differences were minimized and no imputation was

employed, I selected a bulk RNA-seq dataset from an ovarian cancer clonal population

(Table 3.1).

Table 3.1: Three RNA-seq datasets obtained from NCBI geo and processed by Com-
pass and scFEA with consensus and similarity measures applied to the outputs.

GEO Identifier Species Pathology Sequencing Resolution Number of Cells or Samples Sequencing technology Normalization
GSE123426 Homo sapiens Ovarian clear cell carcinoma Bulk 12 Illumina HiSeq 2000 CPM
GSE110499 Homo sapiens Multiple myeloma Single-cell 174 Illumina HiSeq 2500 TPM
GSE122330 Mus musculus None Single-cell 130 Illumina HiSeq 2500 TPM

I obtained two additional datasets to investigate the similarity of Compass and

scFEA predictions across single-cell counts. As studying cancer cell metabolism ap-

pears to be a major potential application of these systems, I obtained a multiple

myeloma dataset for comparison (Table 3.1). Murine data is broadly used for re-

search purposes, and was the origin of the Th17 sequencing data used Wagner et al.

Additionally, the scFEA mouse model appears to use an identical number of modules

with similar genes to the human model. Therefore, to test whether the consensus

measures could be applied to single-cell mouse data, I chose an additional dataset

arising from healthy fetal mouse lung tissue (Table 3.1). This data also served as a
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healthy control.

3.4.1 Post-processing of Compass forward and reverse reac-

tion penalties

Compass outputs both forward and reverse penalties for each reaction, and thus, this

posed a challenge when comparing the two systems [57]. To compare the bidirectional

reaction penalties produced by Compass to the single predicted fluxes of scFEA, I

tested two methods of converting these reaction penalty pairs to a single penalty

measure.

The first method I chose was to use the forward penalty (“positive penalty”) only.

Since the net movement through a pathway will depend on the forward fluxes of

the reactions involved, they are expected to correlate with the net flux through the

pathway. As an additional step to explicitly take into account net flux through a

reaction, I chose to use ratios of the forward and reverse reaction penalties. The

Compass algorithm can only produce a penalty of zero if the optimal flux calculated

in the transcript-agnostic first FBA step is zero [57]. Therefore, a pseudopenalty of 1

was assigned to such values in the reverse reactions, under the assumption that they

would not affect the forward reaction. To calculate the ratio itself, I took the inverse of

the reverse (“negative”) penalty and multiplied the value by the forward (“positive”)

penalty. This yielded a ratio for which forward movement through a reaction was

expected to be favorable (relative to the reverse reaction) for a lower penalty ratio, and

more restricted for a higher penalty ratio. For each of these Compass post-processing

methods, I evaluated their success using the downstream similarity measures.

3.4.2 Penalty measure selection to represent module

To correlate the Compass reaction penalties with the scFEA module fluxes, I first

needed to build a table of Compass-derived penalty measures for every module in

every cell. To do so, I extracted and calculated the processed Compass penalties for

every modularized collection of reactions used by scFEA. Each positive penalty was

extracted, or the ratio score calculated, for every modularized collection of reactions

where at least one reaction was mapped to a Recon identifier.

A single per-module Compass penalty measure, or penalty measure composite,

was required to compare the modularized collections of Compass results to the sin-
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gle module fluxes of scFEA. Using the modularized Compass reaction measures, I

obtained either the forward penalty or penalty ratio for each reaction. I took the

maximum, minimum or mean value of these measures to test their correlations with

the single flux outputs of scFEA. The reactions within an scFEA module are con-

nected, dependent, and must converge to a single outflux [2, 61]. Therefore, the

highest Compass penalty measure associated with a module might be expected to

most negatively correlate with the scFEA predicted flux through that module. Un-

der the assumption that the reaction-to-module mappings would not be complete,

and thus the most penalized reaction could be missed, or that branching within the

module could make the previous assumption invalid, the average Compass reaction

measure was chosen as an aggregating function as well. The minimum Compass reac-

tion measure was also chosen as a control to test the two previous assumptions. The

least penalized reaction should be the least inhibitory, and was expected to show far

less of a negative correlation with an scFEA predicted flux than those values obtained

by the previous two aggregating functions.

With a table of maximum, mean, or minimum penalty measures for every module

in every cell, correlations with the scFEA results were possible. To ensure dimensions

consistent with the processed Compass data, the modules in the associated scFEA

results were reduced to those where mappings from KEGG or EC to the Recon

identifiers used by Compass were possible.

3.4.3 Cell and module Compass-derived score to flux simi-

larity measure

Alghamdi et al. investigated flux variations both within cells (“cell-wise”) and for

specific modules across cells (“module-wise”) [2]. To capture the consensus for flux

predictions within and amongst cells, I also used similar cell-wise and module-wise

comparisons.

To test the similarity between the results for each cell, a Spearman correlation was

performed between the Compass-derived penalty measures for each included module,

selected or combined by one of the aggregating functions, and the scFEA predicted

fluxes for each included module. I used Fisher’s method to calculate a combined

p-value for the results, and Fisher’s Z-transform to calculate an average Spearman’s

Rho by first applying the transformation, taking the mean of the transformed values,

and back-transforming the result.
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To determine which modules showed the strongest significant correlations between

the Compass and scFEA results, I performed a Spearman correlation between each

combination of aggregating function and module penalty results derived from Com-

pass, and the scFEA predicted flux, for each module across all cells. To identify the

significantly correlated modules, I took the subset that had a p-value of less than

0.05. Modules with a static scFEA predicted flux, or Compass penalty measure, for

which no correlation was possible were counted as NA. Because penalty measures

were expected to negatively correlate with the predicted net flux through a module,

the subset of modules producing significant, but positive, correlations were counted

as an additional measure of Compass-to-scFEA dissimilarity. The ratio of positive to

significantly correlated modules was taken to measure overall module-wise consensus.

Each supermodule class of scFEA is associated with a broad description of the

biological processes it encompasses [2]. To investigate the biological function of the

modules for which there was a significant Compass to scFEA correlation, I extracted

their corresponding supermodule identifiers from the supplementary table S1 of Al-

ghamdi et al. [2]. To attach a biological process to each module in the correlation

results, I created table of supermodules ids, their description, and their associated

modules based on the supplementary tables and figures of Alghamdi et al. [2]. The

modules in each set of correlation results were assigned a supermodule ID and de-

scription based on the supermodule table.

3.4.4 Compass reactions to scFEA module flux correlations

To investigate the similarities between specific Compass reaction penalties and scFEA

predicted fluxes, and to investigate whether the limited Recon to KEGG id or EC

mappings reduced the accuracy of the maximum positive penalty method, I performed

direct reaction to flux correlations as an alternative to cell-wise or module-wise cor-

relations. I calculated the Spearman correlation between each scFEA predicted flux

and every forward Compass reaction. The correlation tests were performed using

corr.test within version 2.2.9 of the Psych package for R. To retain only significantly

correlated reactions, those with an associated p-value of less than 0.05 were dropped.

Recon2 subsystems are analogous to a supermodule class in that they provide a

broad biological description of the process that a reaction belongs to. To investigate

the module-to-reaction correlations for a specific biological function, I used the reac-

tion metadata (“rxn md.csv”) from the Compass GitHub resources of Wagner et al.
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to identify relevant Recon2 subsystems. I selected three subsystems, the TCA cycle

or glycolysis, both key processes in cellular energy production, or purine synthesis,

for a reaction-level investigation. TCA and glycolysis were selected based on their

metabolomics validation in both the work of Wagner et al. and Alghamdi et al.,

as well as the performance in the module-wise comparison here [2, 57]. The purine

synthesis subsystem was selected for investigation based on the number of positively

correlating modules, within the purine synthesis supermodule class, in the module-

level analysis. For each subsystem, the significant module-to-reaction correlations

calculated by corr.test were extracted from the total correlation matrix.

3.5 Flux prediction and consensus measures for

matched RNA-seq and metabolomics data

Both Wagner et al. and Alghamdi et al. validated their flux predictions against bulk

metabolomics data [2, 57]. Given the extreme scarcity of matched single-cell gene

expression and matched bulk or single cell metabolomics datasets, I decided to test

each system on the matched metabolomics and transcriptomics data of the opposing

system.

3.5.1 Compass Th17 data analyzed by scFEA

Using Compass, Wagner et al. predicted upregulated glycolyis, polyamine, and TCA

cycle reactions in pathogenic Th17 cells relative to non-pathogenic controls [57]. In

validating these predictions, the authors provided LC/MS metabolomics data from

pathogenic and non-pathogenic Mus musculus Th17 cells [57]. Although the under-

lying metabolomics data was not provided, I tested whether the scFEA predicted

fluxes for the two populations were qualitatively consistent with the glycolysis, TCA

and polyamine metabolomics results of Wagner et al. To determine the agreement

between scFEA and Compass for the Th17 data, and to determine their consistency

with the metabolomics of Wagner et al., I ran Compass on the same data and applied

both the cell-wise and module-wise consensus measures, with the maximum positive

penalty method, as described in sections 3.3 and 3.4.
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3.5.1.1 Data Sources and Pre-Processing

The sequencing data analyzed by Wagner et al. arose from 139 Th17 pathogenic cells

(“Th17p”) and 151 non-pathogenic (“Th17n”) cells [57]. I obtained the data for these

cells at the provided GEO accession (GSE74833). I downloaded the data for the 139

pathological (Il-1β+IL-6+IL-23, sorted for IL-17A/GFP+) cells under the sub-series

heading GSE75109 and the 151 non-pathological (TGFβ1 IL6-48h-IL-17A/GFP+)

cells was under the heading sub-series heading GSE75111.

As these collections contained the gene expression data for each cell in individual

files, I joined the FPKM normalized counts for each cell within the sub-series into a

single matrix. For compatibility with scFEA and Compass, gene symbols were chosen

from the multiple gene identifiers in the data. To avoid information sharing between

the pathological and normal Th17 cells when imputation was enabled, the expression

data was saved as two different sets.

3.5.1.2 scFEA module selection

To compare the scFEA flux predictions to the Compass metabolomics results, I needed

to select a set of modules associated with either the pathway in general or the pro-

duction of each metabolite. Using the module information in the supplementary data

table S1 provided by Alghadmi et al., I selected fourteen modules associated with

glycolysis and the TCA cycle by their supermodule description [2]. In addition to the

differences in these pathways between the Th17n and Th17p cells, Wagner et al. also

validated their predictions of disordered polyamine metabolism with metabolomics

measurements [57]. To investigate whether scFEA could produce fluxes consistent

with the polyamine metabolite figures of Wagner et al., I selected four modules pro-

ducing (“Compound out”) either putrescine, spermine, ornithine or creatine from the

scFEA module information in supplementary table S1 [2, 57].

3.5.1.3 scFEA processing and analysis

To obtain flux predictions for both the Th17n and Th17p sequencing data, I ran

scFEA with both the Th17n and Th17p count matrices using the included mouse

gene model and stochiometric matrix.

For comparison with the Compass polyamine, TCA and glycolysis metabolite fig-

ures, I extracted the flux predictions for the 14 glycolysis and TCA modules, and 4

polyamine modules, from the results for either the normal or pathological samples.
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The significance of the mean differences in fluxes between the two cell types was deter-

mined by a Bonferroni corrected Welch’s t-test. The median and average differences

between the pathological and normal samples were calculated for comparison.

3.5.1.4 Compass processing and analysis

Wagner et al. provide post-processing code (“Demo.ipynb”) on their Github reposi-

tory [14]. For comparison to my scFEA results, and to determine the effects of segre-

gating the Th17n and Th17p datasets, I ran Compass on both with KNN smoothing

enabled. To load the separate pathological and normal results, I modified the post-

processing code of Wagner et al. The code was adapted to load both of the files and

merge them into a single dataframe. Additionally, I omitted the loading of the cell

metadata, and instead assigned the column names from the separate results to either

the required lists of pathological or normal Th17 cell identifiers. The remainder of

the post-processing code was run without modification.

3.5.1.5 scFEA and Compass similarity measures

To determine the consensus between the predictions for Compass and scFEA, and to

relate the consensus measures to metabolomics measurements, I applied the cell-wise

and module-wise consensus measures from 3.4.3 to the pathological and normal Th17

results from both systems.

3.5.2 Compass analysis of scFEA pancreatic adenocarcinoma

dataset

Alghamdi et al. tested their predictions in pancreatic adenocarcinoma (“Pa03”) cells.

Single-cell data from two groups of cells were used, a control group and a apurinic

endonuclease (”APEX1-KD”) gene knockdown group. The authors validated their

system by calculating the fold changes in the bulk measurements of TCA and glycol-

ysis metabolites between the cell types, and correlating these with the fold changes

in the predicted fluxes that produce their respective metabolites [2]. To test the

performance of Compass on the same matched data, I approximated the analysis by

Alghamdi et al. by comparing the fold changes in the predicted activity for a reac-

tion producing a metabolite to the fold changes in metabolite levels. To compare the

results of the two systems, I replicated the analysis of Alghamdi et al on the same
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Pa03 data, and applied the maximum positive penalty consensus measure described

in sections 3.3 and 3.4.

3.5.2.1 Data Sources and Pre-Processing

To create subsets of knockdown and control counts, I downloaded the series matrix

for the Pa03 normoxic samples from the GEO accession GSE99305. I used the sample

characteristics in the series matrix to identify the APEX1-KD cells as “transfection:

APE1 siRNA” and the control cells as “transfection: scrambled siRNA”. For each, I

created a set of sample identifiers to subset the total counts.

To create the appropriate sample subsets to use as Compass input, I downloaded

the processed count matrix for all of the cells. The data was cleaned to remove

sequencing metadata from the gene identifier rows. As Compass required a gene

symbol identifier and a count matrix scaled for library depth, the AnnotationDbi

(1.56.2) and org.Hs.en.db (version 3.14.0) were used to convert the Ensembl identifiers

to symbol, and edgeR (3.36.0) was used to calculate the CPM for the count matrix.

For duplicate genes produced by one-to-many identifier mappings, the CPM counts

were summed to a single value. Using the APEX-1 KD or control sample identifiers

that I obtained from the series matrix, I created two subsets of the total counts

corresponding to these APEX-1 KD or control identifiers.

As comparison to the metabolite data was required, I obtained the metabolomics

data for the Pa03 cells directly from the Excel spreadsheet “Supplementary Table

X3” in the supplementary materials provided by Alghamdi et al. [2].

3.5.2.2 Compass penalty predictions and post-processing

For both the APEX1-KD and control counts, I ran Compass to obtain the calculated

reaction penalties. Compass was run with the same version and environment as for

the Th17 analysis. I used the settings provided for human scRNA-seq data in the

Compass tutorial for processing both datasets [55]. To positively correlate with the

metabolites, the resulting penalty matrices were converted to reaction activity scores

by taking the inverse penalty with a pseudopenalty of one, as suggested in the post-

processing code of Wagner et al. [14].
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3.5.2.3 Mapping compass reactions to Pa03 metabolites

A comparison between the Pa03 metabolomics data and the Compass output re-

quired that I first match the TCA/Citric acid metabolites to a reaction. As the Pa03

metabolites were named using their KEGG compound identifier, I converted the 22

metabolites into their common names using the Metaboanalyst conversion tool [36].

For the two KEGG identifiers (C00031 and C00668) that did not produce a match,

I obtained the compound names directly from the KEGG database [26]. From the

resulting list of compound names, I identified seven of the eight metabolites used in

the predicted flux to metabolite correlation by Alghamdi et al., with the exception of

oxaloacetic acid.

To find the forward Recon reaction identifiers associated with the production of

each of the seven metabolites, I looked at the canonical TCA and glycolysis pathways

(those with established and well-known descriptions) and identified the enzymes asso-

ciated with the production of the metabolite. To find the associated Recon reaction,

I searched for each of the enzymes in the human metabolism section of the Virtual

Metabolic Human (VMH) database [56]. From the list of reactions returned, I se-

lected those that matched the canonical forward reaction for that step. Because the

production of G1P involves either the interconversion of glycogen to glucose or the

interconversion of G6P to G1P, a single production reaction could not be determined

and G1P was excluded. For reactions with both cytoplasmic and mitochondrial vari-

ants, the compartment was selected based on whether the canonical reaction was

associated with glycolysis (cytoplasmic) or the TCA cycle (mitochondrial).

To extend the analysis, I added four other TCA or glycolysis metabolites present

in the metabolomics data from Alghamdi et al. in a similar fashion. The reaction

converting citrate to isocitrate (“ACONT pos”) was added twice, as it produces the

cis-aconitate as an intermediate during the conversion to isocitrate. As sn-glycerol-1-

phosphate dehydrogenase did not return any reactions in the VMH database, I used

the BiGG model database and the Compass reaction key to identify the reaction

converting DHAP to Glycerol-3-phosphate [28].

3.5.2.4 scFEA predicted fluxes

To compare the scFEA predictions for the Pa03 cells to those of Compass, scFEA was

run on both the APEX1-KD and control counts. The default human settings, includ-

ing the human module genes and stoichiometric matrix were selected as parameters.
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3.5.2.5 Metabolite to activity and flux similarity

As the bulk metabolomics data consisted of a single per metabolite quantity, the mean

activity or predicted flux for each reaction cell was taken for both the APEX-KD and

control Compass outputs. Following the analysis of Alghamdi et al., I calculated the

fold difference in the mean flux or activity between the control and APEX1-KD cells,

as well as the fold difference in the mean metabolite levels. I measured the similarity

between the predicted flux or activity fold changes and their associated metabolites

by a Pearson correlation, and plotted the results with the inclusion of a linear model.

3.5.2.6 scFEA and Compass consensus measures for Pa03

To determine whether the fold-change correlations for each of the two systems re-

flected a consensus between the systems at the cell or module level, the maximum

positive penalty consensus tests from sections 3.3 and 3.4 were applied to the APEX1-

KD and control Pa03 results from both scFEA and Compass.
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Chapter 4

Results

In this chapter, I will demonstrate how the individual reaction penalties used by Com-

pass can be optimally grouped into modularized collections approximating those used

by scFEA. For the three datasets described in section 3.4, I will present the results

of correlating a single Compass penalty measure with the predicted flux of scFEA for

each module. Using the results, I show how the maximum positive penalty method

can be used to illustrate areas of biological agreement between the two systems. As

an alternate method that does not rely on a single Compass penalty to represent a

module, I will demonstrate the results pf a reaction-level analysis and show how indi-

vidual Compass penalties correlate with the flux predictions of scFEA. Finally, I will

show the results of testing the performance of each system, and agreement between

the systems, when they are run on the matched gene expression and metabolomics

data of the opposing system.

4.1 Consensus Measures and Testing

As mentioned in section 3.1, Compass outputs reaction penalty scores for both the

forward direction, and the reverse direction, if a reaction is reversible [57]. The

predicted flux outputs of scFEA are for a module, an artificial grouping of related

reactions with singular and dependent input and output fluxes [2].

4.1.1 Compass to scFEA Module to key generation

As a first step to determine the extent to which Compass reactions could be asso-

ciated an scFEA module, collections of Recon reaction codes corresponding to an
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scFEA module were generated. The KEGG reaction identifiers and EC numbers

corresponding to the reactions within each module were tested separately for their

potential to produce unique mappings to a Recon reaction identifier.

The EC number produced more mappings to a Recon reaction code than the

KEGG identifiers, but resulted in a greater number of modules where the mapped

reactions exceeded the number in the original. The EC number produced 43 mod-

ules with zero reaction mappings in contrast to the 52 modules with zero mappings

produced by the KEGG-to-Recon mappings. 119 of the reaction collections produced

using the EC number contained more than half the number of reactions in the original

scFEA module. However, the EC number reaction collections produced 80 modules

where the number of reactions exceeded those of the original scFEA reaction set, in

contrast to the 22 such reaction collections produced using the KEGG id.

A range of modules from 71 to 105 showed zero mappings to a Recon code for

either the KEGG identifiers or the EC numbers. The KEGG identifiers and EC

numbers that were programmatically obtained from the supplementary scFEA mod-

ule information for this range were manually investigated. This revealed no valid

EC numbers or KEGG identifiers for any module in this range, and such identifiers

were solely used as placeholder values. A further investigation of the scFEA module

information revealed that modules 71-105 were used exclusively for single transport

influxes and are not expected to be associated with any reaction identifier.

Combining the KEGG identifiers and EC number mappings resulted in a higher

number of unique Recon reaction identifiers per module. The number of modules

with zero mappings was reduced to 37, of which only two modules, 120 and 125, were

not in the 71-105 range. Discounting this range, approximately 99 percent of modules

were mapped to at least one Recon identifier. For the modules outside of the 71-105

range, 75 percent of modules contained at least half the number of reactions as in the

original scFEA module.

To account for the cases where the mapped Recon identifiers exceeded the reac-

tions in the original scFEA module, the reactions were investigated. Although an

exhaustive search was not performed, several Recon compartmental reaction vari-

ants, such as cytosolic, mitochondrial or peroxisomal reactions, were found to have

been mapped to by the same KEGG identifier or EC number. Additionally, reaction

variants substituting ITP for ATP were discovered within certain modules, although

not to the exclusion of ATP utilizing reactions. Other reaction variants substituting

multiple related substrates, such as epimers, were consistent with the reactions in the
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original scFEA module.

A non-exhaustive manual comparison of four modularized collections of Recon

identifiers to the scFEA metadata was performed to determine whether the reaction

groupings had been correctly assigned. The reactions within four modules, 1,30,40

and 150, and the Recon2 subsystems associated with each reaction, namely glycoly-

sis/gluconeogenesis, methionine and cysteine metabolism, aspartate metabolism and

pyrimidine metabolism, were either consistent with the reactant-to-product conver-

sion of the associated scFEA module, or the reaction could be directly located in the

original scFEA module information when converted back to a KEGG id.

Collectively, these results support the hypothesis that Recon2 reaction identifiers

can be broadly clustered into groups approximating the reaction collections within

an scFEA module. This can be achieved through automated KEGG identifier or

EC number to Recon identifier mapping for all modules that are not purely related

to transport fluxes. The most mappings can be obtained by combining the unique

results from both the KEGG identifiers and EC numbers. However, regardless of the

method chosen, the mappings may include reaction variants that are not consistent

with the compartment or substrates of the original scFEA module.

4.1.2 Module-to-Reaction Compass to scFEA Comparisons

The previously generated Compass-to-scFEA module key allowed the Compass re-

action penalty results arising from the three datasets described in section 3.4 to be

grouped into modules approximating those of scFEA. From these collections, the

positive-to-negative penalty ratios were calculated for each set of bidirectional reac-

tions, or the positive penalties alone were taken as a measure of bidirectional reaction

likelihood. To test the hypothesis that a consensus could be reached between the

results of scFEA and Compass through a single penalty score, or single composite of

penalty scores, a per-module measure of Compass penalty was calculated by selecting

either a reaction penalty ratio or positive reaction penalty using one of four aggre-

gating functions. This allowed for a one-to-one comparison to each of the predicted

scFEA fluxes.

An increasing Compass penalty score implies that optimal flux through a reaction

is less likely to occur [57]. Thus, a Compass penalty within a collection of reactions,

known to be part of an scFEA module, is expected to negatively correlate with the

scFEA predicted net flux through that module if the systems are in agreement on the
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flux potential of that reaction. Each combination of penalty measure and aggregat-

ing function was tested for its ability to produce a negative correlation between the

Compass and scFEA results for a particular cell or sample (“cell-wise”). The three

datasets described in section 3.4 were used as input for scFEA and Compass. To

test the effects of imputation on the prediction consensus for Compass and scFEA, I

selected the multiple myeloma dataset, as it produced the highest module-wise con-

sensus performance in the analyses described in the following section.

4.1.2.1 Sample-wise similarity testing

The similarities between one of the Compass penalty measures for each module in a

cell or sample, aggregated by one of the four methods, and the predicted scFEA flux

for the analogous modules in the same cell or sample, were determined. The resulting

correlation coefficients were averaged using Fisher’s Z-transformation, and the com-

bined p-values were calculated by Fisher’s method. Across the results for each dataset,

weak (−0.26 ≤ r ≤ 0.036) cell-wise correlations were observed for any combination of

the maximum, sum or mean of positive penalty or penalty ratio (Tables A.1-A.4). For

the bulk clear-cell carcinoma dataset, the lowest significant combined p-values, and

the most negative correlation coefficients, were observed using the sum of the penalty

ratios in each module (r = −0.26, pcomb = 4.75× 10−19) (Table A.4). For the single-

cell results, the maximum positive module penalty demonstrated weak but significant

cell-wise correlations in the mouse fetal lung dataset (r=−0.084, pcomb=0.0053) and

near significant correlations in the multiple myeloma dataset without imputation

(r=−0.066, pcomb=0.091) (Tables A.1, A.2). Collectively, this provided support for

the idea that a sample-wise consensus between the results of the two systems can

best be established for bulk samples by the sum of the penalty ratios. For single-cell

data, the results provide weak support for the use of the maximum positive penalty

to achieve the highest cell-wise consensus.

4.1.2.2 Module-wise similarity testing

The trends in single fluxes across all cells or samples can be compared between Com-

pass and scFEA. Such results could suggest whether or not the systems are capturing

the same variation in a particular flux across all of the cells in a sample, or across

all of the samples in a set. To analyze these trends, each combination of Compass-

derived penalty measure and an aggregating function was also tested to determine
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which produced the strongest significant negative correlations between scFEA and

Compass across a single module for all cells or samples (“module-wise”). For each

module across every cell or sample, Spearman correlations were performed between

the scFEA predicted flux and each combination of Compass derived penalty measure,

either the positive penalty or ratio, and aggregating function. For the single-cell re-

sults, either the maximum, sum or mean of the positive penalties produced the highest

numbers of significantly correlated modules (Tables A.1-A.3). The positive penalty

methods showed nearly identical numbers of significantly correlated modules for the

multiple myeloma dataset, with or without Compass KNN imputation, and ranged

between 82-90 such modules for the mouse lung dataset. Relative to the multiple

myeloma results, reduced numbers of significantly correlated modules were observed

generally for either the ratio method, or the positive penalty method, in the bulk

dataset and the single-cell mouse lung dataset (Tables A.2, A.4).

Positive correlations are not expected between a Compass reaction penalty and

an scFEA predicted flux within the same module. Thus, positive correlation coeffi-

cients were used as a measure of disagreement between the Compass derived module

penalty measure and the scFEA flux predictions. For the single-cell results, the max-

imum positive penalty method demonstrated a lower average positive-to-significant

module ratio for any non-minimum aggregating function (Tables A.1-A.3). The lower

average was the result of a reduced positive-to-significant module ratio in the mouse

dataset (Table A.2). In the bulk results, the lowest such positive-to-significant ratios

for a non-minimum aggregating function were observed for the sum and mean of the

positive penalty (Table A.4). However, these were associated with only 23 signif-

icantly correlated modules. When imputation methods were used for both scFEA

and Compass on the multiple myeloma dataset, the overall number of significantly

correlated modules remained similar. However, the number of positive and significant

correlations nearly tripled relative to the non-imputed results (Tables A.1, A.3).

Thus, given the module results for these single-cell data, but not bulk data, the

maximum positive penalty method produced a relatively high, or nearly identical,

number of significantly correlated modules but the lowest average percentage of false

positives. The results further suggest that enabling imputation in the two systems

decreases the consensus, as measured by an unexpectedly positive correlation.
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4.1.2.3 Module-wise consensus across biological processes

Given the performance of the maximum positive penalty method in the consensus

testing, it was used to study the module-wise consensus across each dataset or im-

putation setting by matching the correlations with their biological processes. This

was achieved by mapping each module to its supermodule description. To determine

the patterns of agreement and disagreement between the two systems, the maximum

positive penalty to predicted flux correlations were plotted for each module in each

set of Compass and scFEA results. The single-cell results demonstrated significant

negative correlations for at least twelve of the fourteen modules in the glycolysis and

TCA supermodule class (Figure 4.1A, 4.1C). A majority of the pyrimidine synthesis

(seventeen total), serine metabolism (eighteen total), urea cycle (eight total) and both

fatty acid synthesis modules, were significantly and negatively correlated for both the

mouse lung and non-imputed multiple myeloma results (Figure 4.1A, 4.1C). At least

seventeen of the twenty-two supermodules were represented for each single-cell result,

although the sialic acid and glycan synthesis classes were notably absent. In the

bulk results, glycolysis and TCA were notably reduced down to a single negatively

correlated module (Figure 4.1D). The transporter modules, 71-105, which could not

be mapped to a Compass reaction, were not present in any of the results. Of the

significantly correlated modules for the non-imputed multiple myeloma results and

the bulk clear-cell carcinoma dataset, the majority had a negative Spearman’s rho

with a magnitude of greater than 0.5 (Figures 4.1A, 4.1D). However, the bulk data

demonstrated a markedly reduced number of significant correlations. The multiple

myeloma results that used imputation showed a broad distribution of unexpectedly

positive correlations across the majority of the 22 supermodule classes (Figure 4.1B).

However, no clear pattern of positive and significant correlations was observed be-

tween the systems when the underlying results were investigated.

Overall, this decomposition of significantly correlating modules into their super-

module classes suggests that the scFEA and Compass can achieve consensus within

at least a subset of module and supermodule classes using the maximum penalty

method. Here, substantial agreement existed within the large supermodule collec-

tions of glycolysis and TCA, serine metabolism, and pyrimidine synthesis when run

on single-cell datasets without imputation. Consensus among a broad range of su-

permodule classes was greatest for the multiple myeloma results without imputation,

suggesting that a higher consensus may be obtained for a broad range of processes in
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Figure 4.1: Significant (p < 0.05) Spearman correlations between the maximum pos-
itive Compass penalty within a collection of reactions approximating those in an
scFEA module and the predicted scFEA flux for the analogous module. The results
of both systems run on three datasets were used for comparison. A.) A single-cell
multiple myeloma dataset B.) The same multiple myeloma dataset with imputation
measures enabled in both systems C.) A single-cell fetal mouse lung tissue dataset.
D.) A bulk ovarian clear cell carcinoma dataset.

single-cell data arising from cancers.

4.1.3 Subsystem Reactions to Module Similarity

The agreement between the systems that was observed at the module level was based

on an automated selection of a single reaction penalty. To determine whether the level

of agreement observed at the module level also existed at the reaction level, related

groups of Recon reaction identifiers corresponding to a biological process (“subsys-

tems”) were matched to their analogous scFEA supermodule classes. This allowed

the results from the module-level consensus to be further investigated at the reaction

level. Spearman correlations were performed between the Compass forward reaction

penalties within the select Recon2 subsystems and the scFEA predicted fluxes for
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the modules within the analogous supermodule. The subsystems and supermodule

classes related to TCA, glycolysis and purine synthesis were selected. Glycolysis and

TCA were chosen based on the module-level performance within these groups for the

single-cell results, and their importance to cancer cell metabolism. Purine synthe-

sis was selected for further analysis based on the number of unexpectedly positive

correlations for the single-cell result comparison at the module level.

Heatmaps of the single-cell results showed significant negative correlations between

the majority of the scFEA glycolysis and TCA modules, and the majority of the

reaction penalties within the Recon2 TCA or glycolysis subsystems (Figure 4.2A-

4.2B, 4.2G-4.2H). For the multiple myeloma results, the first four scFEA modules,

representing the modularized reactions converting glucose to pyruvate, and module

six, representing the conversion of pyruate to lactate, showed overall moderate-to-

strong negative correlations with all but one glycolysis reaction penalty. Module five

(pyruvate to acetyl-coa) showed reduced but significant negative correlations with

the same reactions. The mouse lung results showed a weaker, but similar pattern to

the multiple myeloma results for modules two to six (Figure 4.2G). For the multiple

myeloma results, significant and negative correlations were observed between the TCA

cycle subsystem reactions and the scFEA TCA predicted fluxes, modules seven to

fourteen, for all but two reactions (Figure 4.2B).

A reduction in significant correlations was noted generally for the glycolysis and

TCA cycle results between the multiple myeloma and mouse results (Figures 4.2A,

4.2B, 4.2G, 4.2H). No clear patterns in correlation were observed for any of the bulk

results (Figures 4.2D-4.2F). This reaction-level analysis suggests that the results of

scFEA and Compass results can achieve a general consensus at the reaction level

for glycolysis and the TCA cycle, particularly in human cancers, by comparing the

forward reaction penalties produced by Compass to the scFEA predicted fluxes for

analogous collections of modules and reactions. However, the reaction-level consensus

performance may be reduced when mouse cell data is used as input, and the results

may be non-interpretable when bulk data is used.

To investigate the relationship between the module-level and reaction-level results,

the reaction heatmaps were compared to the results based on the maximum module

penalties. For the module-level mouse results, two of the fourteen modules, one and

fourteen, within the glycolysis and TCA supermodule class, did not demonstrate sig-

nificant correlations between the maximum positive penalty and the corresponding

scFEA flux (Figure 4.1C). The absence of these modules were reflected by one weak
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Figure 4.2: Significant (p < 0.05) Spearman correlations between reactions within a
specified Recon2 subsystem and the analogous scFEA supermodule for the Compass
and scFEA results from three datasets. Three Recon2 subsystems, glycolysis, TCA,
and purine synthesis were selected and their reactions correlated with their analogous
scFEA modules. (A-C) Single-cell multiple myeloma results (D-F) Bulk ovarian clear
cell carcinoma results (G-I) Single-cell mouse fetal lung results.

correlation between module one and every glycolysis reaction within the subsystem,

or two weak correlations between module fourteen and every reaction in the TCA

cycle subsystem (Figure 4.1C, 4.2G, 4.2H). For the module-level multiple myeloma

results, each one of the fourteen modules showed significant correlations across ev-

ery glycolysis and TCA module (Figure 4.1A). This was reflected in the negative

correlations between each module and nearly every reaction in glycolysis or TCA at

the reaction-level (Figure 4.1A, 4.2A, 4.2B). Thus, the use of the maximum positive

penalty method is supported at the reaction level.

The strong positive correlations for purine synthesis that were observed at the

module level were investigated at the reaction-level. For the multiple myeloma
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and mouse lung results, consistently positive correlations at the reaction level corre-

sponded exactly to the modules with positive correlations in the module-level analysis

(Figures 4.1A, 4.1C, 4.2C, 4.2I). For the mouse results, weak to moderate positive cor-

relations were noted between module 147 and each Recon2 purine synthesis reaction

penalties. For the multiple myeloma results, similar results were observed between the

purine synthesis reaction penalties and modules 139, 140 and 143 (Figure 4.2A, 4.2C).

The underlying scFEA flux predictions for these modules did not demonstrate any

consistent pattern to explain this phenomenon. Notably, in addition to the broad

pattern of negative correlations across glycolysis and TCA, both of the single-cell

results demonstrated significant negative correlations between the forward reaction

penalties for “ACITL” and “SUCOAS1m, SUCOASm” and their corresponding TCA

scFEA modules, seven and twelve respectively, despite the reactions being oppositely

directed to their module analogs (Figure 4.2B, 4.2H). This suggests that reaction

direction does not reduce the significance of a correlation or change its correlation co-

efficient to a positive value. Thus, consistently positive correlations between reaction

penalties and scFEA module fluxes may represent genuine disagreement between the

two systems and can be detected by the maximum positive penalty method at the

module level.

4.2 scFEA and Compass performance and consen-

sus testing on novel matched scRNA-seq and

metabolomics data

Metabolomic measurements and single-cell gene expression profiles were available for

the cells used in the work of Wagner et al. and Alghadmi et al. As well as providing

prior knowledge of system performance, these data also allowed me to test both of the

systems on single-cell gene expression inputs, determine the level of consensus between

the two systems, and assess the results against the known metabolite profiles.

4.2.1 Consistency of scFEA predicted fluxes with established

Th17 metabolomic measurements

To determine the consistency of the scFEA predicted fluxes with the metabolomics

data of Wagner et al., scFEA was run on separate pathological and normal Th17
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datasets provided in the Compass paper and compared to the metabolomics data for

glycolysis, TCA and polyamine metabolism [57]. For each set of glycolysis and TCA

module flux predictions, a Welch’s t-test was performed between the pathological and

normal result. The p-values were adjusted using the Bonferroni method. The flux

predictions of scFEA for the normal and pathological Th17 cells were compared to

the metabolite measurements in the figures of Wagner et al. to determine whether

the scFEA predicted flux alterations between the two cell types were consistent with

the measured metabolite alterations.

Of the fourteen TCA and glycolysis modules, thirteen showed highly significant

(padj < 0.0001) differences in the means between the normal and pathological cells

(Figure 4.3). The succinate-to-fumarate module (bottom row, fourth panel from the

left) did not produce a significant difference between the cells types. Of the remaining

thirteen modules, six could be directly related to the Th17 steady-state and fresh

media LC/MS metabolomics results of Wagner et al. The products of modules two,

three and six (G3P, 3PD and lactate), were measured by Wagner et al. as one of

seven glycolysis metabolites. The products of modules seven, ten and twelve (citrate,

succinate and malate) were measured by Wagner et al. as one of six TCA cycle

metabolites. Additionally, the glycolytic flux producing G6P (module one) could be

indirectly related to the hexose monophosphate measurements of Wagner et al.

Consistent with the steady-state metabolomics of Wagner et al., the means of the

scFEA predicted fluxes for the TCA cycle, producing citrate, succinate and malate

(modules seven, ten and twelve), were significantly elevated by greater than 0.002

units in the pathological versus the normal Th17 cells (Figure 4.3). Of the glycol-

ysis modules, both modules two and three, producing either G3P or 3PD, showed

significant mean increases in the pathological cells. These elevations were consistent

with either the ”DHAP/G3P” or ”3-phosphoglycerate” measurements Wagner et al.

However, only module three demonstrated a substantial mean increase of 0.0037 be-

tween the pathological and normal predictions, while module two produced only a

marginal mean flux elevation of 4.58× 10−6 between the two cell types. In contrast,

both the G6P and lactate producing modules (modules one and six) showed signifi-

cant and substantial increases of either 0.0021 (module one) or 0.0018 (module six)

in the mean predicted fluxes for the normal cells, which were at odds with either the

hexose monophosphate or lacate metabolomic measurements of Wagner et al.

Although not in the metabolomics data of Wagner et al., four remaining scFEA

predictions for the fluxes producing pyruvate, acetyl-coa, 2OG and succinyl-coa were
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consistent with the general glycolysis and TCA cycle increases reported in the patho-

logical state by the Seahorse experiments of Wagner et al [57]. However, of the

two oxaloacetate producing fluxes predicted by scFEA, malate-to-oxaloacetate and

pyruvate-to-oxaloacetate, only malate-to-oxaloacetate was predicted to be signficantly

increased in the pathological cells. A marginal increase in mean flux was noted for

the control Th17 cells for the pyruvate-to-oxaloacetate module.

Figure 4.3: Pathological and normal Th17 fluxes predicted by scFEA for fourteen
glycolysis and TCA modules are shown. Pathological cell results are shown in red
and non-pathological are shown in blue. The glycolysis modules are modules one-to-
six, and the TCA modules are modules seven-to-fourteen. The mean predicted values
for each cell class is indicated by the central crossbar and the standard error from the
mean is represented by the outer bars. A Welch’s t-test was performed between the
predicted fluxes for each module between the pathological and normal cell results.The
significance is based on a Bonferroni adjusted p-value. **** Highly significant results
(p < 0.0001). (ns) non-significant (p ≥ 0.05) results.

The polyamine-related metabolomics data of Wagner et al showed significant in-

creases in creatine for the control cells and n-acteyl-putrescine and putrescine in the

pathological cells [57]. Two of the three scFEA predicted fluxes related to these

metabolites were consistent with the data of Wagner et al. For the ornithine-to-

putrescine producing module predictions of scFEA, the pathological Th17 cells had a

highly significant increase in predicted flux relative to the control cells (Figure 4.4).

The predicted arginine-to-putrescine fluxes were unexpectedly constant across both

cell types, although the mean was higher by 3.5 × 10−4 units in the pathological

cells. However, in contrast to creatine results in the Compass metabolomics, the pre-

dicted mean flux for the glycine-to-creatine module was 3.5×10−3 units higher in the

pathological cells.
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Collectively, the scFEA results for the TCA and polyamine modules provide par-

tial support for the hypothesis that scFEA can predict Th17 cell metabolism that

is consistent with LC/MS measured metabolic properties. However, this was contra-

dicted in the case of glycolysis.

Figure 4.4: Four fluxes scFEA predicted fluxes for polyamine-related metabolism for
pathological and normal Th17 cells. The fluxes for the pathological cells are indicated
by red, and the normal cells are indicated by blue. The mean values are indicated
by the crossbar and the standard deviation from the mean is given by the upper and
lower bars in each plot. **** Highly significant results (p < 0.0001). —- Constant
values for the predicted pathological and normal fluxes for both cell types for which
no adjusted p-value could be calculated.

4.2.2 Replication of Compass Th17 results with separate data

sets

The post-processing code of Wagner et al. was adapted to replicate their analysis

on the results from two runs using segregated pathological and normal datasets.

Similar results to Wagner et al. were obtained for glycolysis, and the predicted
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Cohen’s distance was similar across all reaction subsets, with general and significant

increases in glycolysis in the pathological cells (Figure A.1, top left). For the TCA

reaction subset, the p-value ordering of the reactions placed aconitate hydratase,

the top reaction in the analagous figure in Wager et al., near zero (Figure A.1, top

right). Notably, in contrast to Wagner et al., the reaction for putescine diamine

oxidase, did not appear to be significantly increased in the normal Th17 cells (Figure

A.1, bottom). These results suggest that segregating the pathological and normal

Th17 data when k-nearest neighbors smoothing is enabled can substantially affect

the Compass results for select outlier reactions. With these data, Compass achieved

the results most consistent with the metabolomics and Seahorse assays of Wagner

et al. for glycolysis [57]. This was in contrast to scFEA, which showed a higher

consistency with the metabolomics for TCA. Collectively, this suggests that scFEA

and Compass disagree on the predicted differences for glycolysis and TCA between

pathological and normal Th17 cells, but each system is partially consistent with the

direct metabolic measurements.

4.2.3 Consensus measures between scFEA and Compass Th17

predictions

Module-wise and cell-wise consensus measures were used to compare the Th17 pre-

dictions of scFEA and Compass. For the Compass predictions, k-nearest neighbors

smoothing was enabled and disabled to determine its effect on the consistency between

the systems. For both the pathological and normal predictions, weak but highly sig-

nificant negative cell-wise correlations were observed between the maximum positive

compass penalties per-cell and the predicted scFEA fluxes (Table 4.1).
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Table 4.1: The cell-wise and module-wise consensus measures for the flux predictions
of both scFEA and Compass when run on scRNA-seq data from normal (“Th17n”)
and pathological (“Th17p”) Mus musculus Th17 cells. The predictions of Compass
with both KNN smoothing enabled and disabled were correlated with the corre-
sponding scFEA flux predictions. The maximum positive module penalty was used.
Spearman correlation coefficients were averaged after Fisher’s Z was applied and back-
transformed following the calculation. The number of modules with a significant (p
< 0.05) and positive correlation is indicated by positive Rho. The ratio of significant
and positively correlated modules is indicated in the sixth column.

Th17n with KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.30 9.5×10−302 48 19 26 0.54

Th17n without KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.30 4.9×10−300 44 19 25 0.57

Th17p with KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.30 1.1 ×10−272 71 16 30 0.47

Th17p without KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.30 1.3×10−270 65 16 30 0.46

A clear increase was observed in the number of significantly correlated modules for

the pathological Th17 cells, as well as a more favorable ratio of positive-to-significant

correlations (Table 4.1). Enabling KNN smoothing in Compass slightly increased the

number of significantly correlated modules for both cell types, but had a negligible

effect on the ratio of positive to total significantly correlated modules. These results

support the idea that metabolic dysregulation in pathological Th17 cells increases

the general module-wise consensus, but not the cell-wise consensus, relative to the

control.

The modules for glycolysis, TCA, and polyamine metabolism were looked at in

isolation to determine the level of agreement between the results for Compass and

scFEA. For the normal Th17 cells, three of the fourteen glycolysis and TCA mod-
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ules, and no polyamine modules, showed a significant negative correlation between

the Compass maximum positive module penalty and the scFEA-predicted flux (Fig-

ures 4.5A-D). For the pathological Th17 cells, half of the fourteen glycolysis and

TCA modules, and one polyamine module, showed significant negative correlations

when KNN smoothing was disabled (Figure 4.5D). Of the glycolysis and TCA mod-

ules, one, five and ten were significantly correlated across both the pathological and

normal Th17 datasets, with KNN smoothing enabled and disabled (Figures 4.5A,

4.5B). Notably, the strongest correlation between the two systems was found across

all datasets for module ten, succinyl-coa-to-succinate, which was the most signifi-

cantly increased TCA cycle reaction predicted by Compass (Figures 4.5A-4.5D, A.1).

No clear pattern for the polyamine modules was observed across the dataset and set-

ting combinations. These results imply that the disagreement between the systems

that was observed for glycolysis and TCA in the previous Compass and scFEA results

(sections 4.2.2, 4.2.1), and between the systems and the metabolomics, is reflected in

the module-wise consensus.

4.2.4 Compass predictions on scFEA Data

Alghamdi et al. validated scFEA by running the system on two sets of pancreatic

adenocarcinoma (“Pa03”) cells for which they had generated matched gene expres-

sion and bulk metabolite abundances [2]. The authors validated their glycolysis and

TCA predictions by correlating the mean predicted fluxes with their correspond-

ing measured metabolic products [2]. A supplementary metabolomics data file was

provided with their paper. To establish the consistency of Compass with the scFEA

metabolomics, and with the scFEA predictions, I replicated the methods of Alghamdi

et al. using a Compass reaction activity measure associated with the production of

each measured metabolite.

To measure the similarity between the predicted activities and the metabolite

abundances of Alghamdi et al., the directed reactions in Compass’ metadata were

manually mapped to the glycolysis and TCA cycle intermediates in the scFEA meta-

bolomics data. Eleven reactions, including seven cytoplasmic variants and four mito-

chondrial variants, were mapped to a product compound (Table 4.2). A subset of six

reaction and metabolite pairs was found to be comparable to the predicted flux versus

metabolite fold change results of Alghamdi et al. (Table 4.2). A seventh metabolite,

2-oxoglutarate, was mapped to a reaction and added to the Compass metabolite to
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Figure 4.5: Module-wise consensus measures applied to the Compass and scFEA pre-
dictions for pathological and normal Th17 cells. The maximum Compass penalty
associated with a forward reaction in a cluster of reactions approximating those in an
scFEA module were correlated with the scFEA predicted flux for same module, for
131 non-transport modules. Modules that showed a significant (p < 0.05) Spearman
correlation between a Compass derived module penalty measure and the correspond-
ing scFEA module were selected for inclusion. The plots are colored according to
either the glycolysis and TCA supermodule class used by scFEA, or by membership
in one of the four polyamine-related modules. (A-B) normal Th17 cells and (C-D)
pathological Th17 cells. (B-D) results with Compass KNN smoothing disabled.

reaction map, as oxaloacetic acid could not be located in the scFEA metabolomics

file.

Compass was run on either the control or APEX1-KD Pa03 data with KNN

smoothing enabled or disabled. For each result, the reactions mapping to each of

the eleven metabolites were extracted, and an activity measure was calculated for the

reaction by taking the inverse of the reaction penalty.

Between the control and APEX1-KD Pa03 cells, the mean fold change in each

reaction activity and the mean fold change in its corresponding metabolite were cor-

related by the Pearson method. For the productive reactions, the Pearson correlation

coefficient was 0.31 for the seven-metabolite subset (p=0.50) without imputation and
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Table 4.2: Glycolysis and TCA compounds mapped to Recon2 reactions used to
compare Compass Pa03 results to the metabolomics data from Alghamdi et al. The
KEGG compound identifier, compound name and directed Recon identifier, used by
Compass, are listed in columns 1-3. Cytoplasmic reactions are distinguished from
mitochondrial variants by “c” or “m” associated with each reactant or product, and
by the lowercase “m” in the Recon identifier. The first seven compounds (alpha-D-
Glucose 6-phosphate to succinate) were used in a similar analysis by Alghamdi et
al. The final four compounds were in the metabolomics data of Alghamdi et al. and
matched to a Compass reaction.

Compound ID Compound Name Reaction ID Enzyme Reaction
C00668 alpha-D-Glucose 6-phosphate HEX1 pos Hexokinase atp[c] + glc D[c] → adp[c] + g6p[c] + h[c]
C00022 Pyruvate PYK pos Pyruvate Kinase adp[c] + h[c] + pep[c] → atp[c] + pyr[c]
C00158 Citrate CSm pos Citrate Synthase accoa[m] + h2o[m] + oaa[m] → cit[m] + coa[m] + h[m]
C00122 Fumarate SUCD1m pos Succinate Dehydrogenase fad[m] + succ[m] ⇔ fadh2[m] + fum[m]
C00149 (S)-Malate FUMm pos Fumarase, Mitochondrial fum[m] + h2o[m] ⇔ malL[m]
C00042 Succinate SUCOASm neg Succinate- Coenzyme A Ligase (ADP-Forming) coa[m] + gtp[m] + succ[m] ⇔ gdp[m] + pi[m] + succoa[m]
C00186 (S)-Lactate (L-Lactate) LDH L neg Lactate Dehydrogenase lacL[c] + nad[c]⇔ h[c] + nadh[c] + pyr[c]
C00093 sn-Glycerol 3-phosphate (D-Glycerol 1-phosphate) G3PD1 neg sn-glycerol-1-phosphate dehydrogenase glyc3p[c] + nad[c] ⇔ dhap[c] + h[c] + nadh[c]
C00026 2-Oxoglutarate ICDHxm pos Isocitrate Dehydrogenase icit[m] + nad[m] → akg[m] + co2[m] + nadh[m]
C00417 cis-Aconitate ACONT pos Aconitase cit[c] ⇔ icit[c]
C00311 Isocitrate ACONT pos Aconitase cit[c] ⇔ icit[c]

0.33 (p=0.47) with imputation (Figure 4.6). The eleven metabolites and their as-

sociated reactions showed a correlation coefficient of 0.36 (p=0.28) without KNN

smoothing and 0.37 (p=0.26) with KNN enabled. KNN smoothing produced only a

marginal difference in the results for these samples. Overall, the results suggest that

a sufficiently large number of predicted Compass reaction activities could provide a

limited coherence with direct metabolomics measurements when considering the gly-

colysis and TCA cycle flux alterations that occur as a result of an APEX1 knockdown

in Pa03 cells.

4.2.5 scFEA Pa03 testing

As a reference measure, scFEA was run on the same 48 APEX1-KD and 48 control

Pa03 cell datasets as Compass. Similar to the Compass analysis, each scFEA module

was mapped to a TCA or glycolysis metabolite. The fold changes in mean flux and

the fold changes in the corresponding metabolites were calculated between the control

cells and the APEX1-KD cells. The flux and metabolite fold changes were correlated

by the Pearson method.

The initial results showed a Pearson correlation coefficient of -0.18 (p=0.69) (Fig-

ure 4.7A). A large outlier was observed for the 3PD to pyruvate module. The pre-

dicted flux through this module was nearly 40 fold higher in the control versus the

APEX1-KD cells. Removal of the outlier resulted in a Pearson correlation coefficient
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Figure 4.6: The fold difference in activity of seven and eleven reactions predicted by
Compass between control and APEX1 knockdown Pa03 cells versus the correspond-
ing change in metabolite produced by each reaction. (A,C) Seven reactions and their
metabolic products. (B,D) Eleven reactions and their metabolic products. (A,B) Re-
sults without KNN smoothing enabled. (C,D) Results with KNN smoothing enabled.
A linear model calculated from the results is shown in blue. The Pearson correlation
coefficient (“PCC”) and p-value are indicated in the top left of each figure.

of 0.54 (p=0.27), but did not produce a significant correlation coefficient (Figure

4.7B).

The results presented here for the 48 APEX1-KD and 48 control cells vary from

those of 27 APEX1-KD and 46 control cells of Alghamdi et al. However, the results

here suggest that scFEA may provide a better ability to predict flux alterations in

glycolysis and TCA cycle metabolism when APEX1 is knocked down in Pa03 cells

and when outliers are removed.
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Figure 4.7: The scFEA predicted fold change between Pa03 control and APEX-KD
knockdown cells in the fluxes through seven modules versus the corresponding change
in their experimentally measured product metabolites. A linear model is shown in
blue and the Pearson Correlation Coefficient (“PCC”) and p-value are shown in the
top left of each panel. (A) With all seven metabolites. (B) With the pyruvate outlier
removed.

4.2.6 Consensus testing between the Compass and scFEA

predictions for Pa03 control and APEX1 knockdown

cells

To test the agreement between scFEA and Compass for the two types of Pa03 cells,

I used both the cell-wise and module-wise consensus tests and the maximum module

positive penalty method from sections 3.3 and 3.4. The consensus measures were

applied to the APEX1-KD and control Pa03 results from running scFEA and Compass

with Compass KNN smoothing enabled and disabled. The significantly correlated

glycolysis and TCA modules were plotted for each Pa03 cell-type with and without

KNN.
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Table 4.3: Module-wise and cell-wise consensus measures applied to the Compass and
scFEA results for single-cell sequencing data arising from two sets of human pancre-
atic adenocarinoma cells. The fluxes for the control cells and cells with an apurine
endonuclease knockdown (“APEX1-KD”) were predicted by Compass, grouped into
scFEA module analogs, and the maximum positive penalty was selected for com-
parison with the predicted scFEA fluxes. The Spearman correlation coefficient was
calculated between the scFEA and Compass results for each cell, and the p-values
were combined using Fisher’s method. Results where a static flux prediction across
all modules made a correlation impossible are listed as NA. Unexpectedly positive
and significant correlations were tallied, and the ratio of such correlations to the total
significantly correlated modules are shown in the righthand column.

APEX1-KD Pa03 with KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.10 0.00048 83 8 2 0.024

APEX1-KD Pa03 without KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.10 0.00040 83 8 2 0.024

Control Pa03 with KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.17 2.2 ×10−22 87 8 5 0.057

Control Pa03 without KNN smoothing
Cell Module

r pcomb p < 0.05 NA Positive ρ Positive ρ
p< 0.05

-0.17 9.3×10−23 87 8 5 0.057

The cell-wise results showed consistently significant and negative correlation co-

efficient for each of the cell types and KNN settings. Of these, the APEX1-KD

cell-wise correlations showed a combined p-value that was greater than 1018 times

higher than the control Pa03 cells (Table 4.3). For the module-wise results, both

combinations of cell types and KNN options demonstrated significant correlations for

over 63 percent of the 131 total modules. The control cells showed an increase in

significantly correlated modules, from 83 in the APEX1-KD cells to 87 in the con-

trol. However, three additional unexpected correlations were present for the control.

Broadly, this suggests that Compass and scFEA can achieve a modest cell-wise and
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moderate module-wise consensus when run on single-cell RNA-seq data from pancre-

atic adenocarcinoma cells. Further, this result suggests that the APEX1 knockdown

decreases the cell-wise consensus and module-wise consensus between the systems.

KNN smoothing had a negligible effect for these consensus measures when im-

plemented in Compass. No effect was noticed when smoothing was enabled for the

module-wise measures (Table 4.3). For the cell-wise control measures, enabling KNN

in Compass increased the combined p-value by an order of magnitude (Table 4.3).

Thus, only a minimal effect was observed from Compass imputation when applied to

these two datasets.

When plotted, the TCA modules showed a broad agreement between the Compass

and scFEA results. At least six of the eight TCA modules, modules seven to fourteen,

showed significant negative correlations across each combination of APEX1-KD or

control cell with KNN smoothing enabled or disabled in Compass (Figure 4.8). In

each case, at least half of the TCA modules showed a correlation coefficient of less than

-0.50. For the glycolysis modules (one through six) three modules showed a significant

negative correlation between the Compass module penalty and the predicted scFEA

flux in the APEX1-KD results. This was reduced to two in the control results. Of the

glycolysis modules, only module two showed a negative correlation of less than -0.50

for the APEX1-KD cells (Figure 4.8). Notably, module four, 3PD to Pyruvate, which

was associated with the 40 fold increase between the control and the APEX1-KD

cells, was found to either not correlate, or showed a positive correlation between the

Compass module penalty and the scFEA flux. Collectively, these results demonstrate

that moderate agreement between the systems can be achieved for TCA, but not

glycolysis in Pa03 cells. This agreement is consistent with the independent weak-

to-moderate correlations between the systems and the metabolomics measurements

that were observed in sections 4.2.4 and 4.2.5. Additionally, the presence of non-

correlating or positively correlating results for module four supports the use of positive

correlations as a measure of disagreement.
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Figure 4.8: The maximum positive penalty consensus measure applied module-wise
to the APEX1-KD and control Pa03 cells. (A-B) The results for the APEX1-KD
cells with (A) KNN smoothing enabled in Compass (B) KNN smoothing disabled.
(C-D) The results for the control cells (C) KNN smoothing enabled and (D) KNN
smoothing disabled.
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Chapter 5

Discussion

Direct measurements of the single-cell metabolome are currently infeasible. Accurate

predictions of single-cell flux could provide a high resolution understanding of the

altered metabolic states that contribute to pathology, such as in tumor cells, tumor-

associated immune cells, and autoimmune cells. These predictions could potentially

aid in the discovery of drug targets. The methods and outputs of current single-cell

flux prediction tools differ greatly. Nonetheless, both scFEA and Compass have been

validated by directly measured metabolite data. This suggests that they could be

used in concert to provide higher confidence flux estimates, and, if in agreement, to

investigate metabolic perturbation at the level of reaction potential. Despite this,

comparisons between the performance or output similarities of any transcriptome-

based single-cell flux prediction tools do not appear to have been reported.

Here, we showed that Compass results can be grouped in a manner approximating

an scFEA module, and that this can be used to compare the similarities in the results

of the two systems. Bulk and imputed data caused an increased consensus between

the systems for a particular cell, but a reduced number of single modules achieving

consensus when every cell was considered. The module-level agreement between the

two systems that was observed when a representative reaction was selected is largely

mirrored among related reactions. Our findings suggest that intra-module disagree-

ment between the systems can be divided into two classes: uncorrelated reactions

and positive correlations associated with a subsystem-wide disagreement. This the-

sis found an increased level of consensus between Compass and scFEA for human

tumor and mouse autoimmune cells versus healthy mouse cells. Significant agree-

ment across a broad range of processes, including cellular energy production, amino

acid metabolism and nucleotide synthesis, was observed. Both scFEA and Com-
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pass demonstrated partial consistency with the metabolomics used to validate the

opposing system. The disagreement between the systems appeared to reflected in our

consensus measures.

5.1 Creation of a Compass-to-scFEA key

Compass and scFEA make use of different metabolic models and reaction identifiers.

To determine the feasibility of mapping scFEA reactions to Compass reactions, we

were able to generate a key of Compass reaction clusters approximating scFEA mod-

ules. At least half the number of reactions as in the original module were present in

three-quarters of the modularized groupings. In our testing, the reactions appeared

to be correctly mapped to their respective modules, although our reaction clusters

contained compartmental or substrate variants. In our limited reaction-level test-

ing, however, the Compass results for compartmental variants appeared to show only

minimal differences from their compartment-appropriate counterparts when they were

associated with a penalty estimate for a specific dataset. While scFEA and Compass

use different reaction identifiers and metabolic models, our results suggest enough

overlap between the identifiers to allow for a meaningful comparison between the two

systems. This may be due to key metabolic reactions being largely captured by our

mapping methods.

5.2 Optimal Compass penalty composites to rep-

resent single modules

We sought to determine the degree to which the reactions of Compass could be corre-

lated with an scFEA module. To do so, we needed to select a single Compass penalty,

or composite of penalties, to represent a module. Because Compass outputs are at the

reaction level, and can be either bidirectional or unidirectional, the process of deter-

mining a representative Compass measure for each set of modularized reactions was

challenging. Further, the selection of a single penalty measure needed to be agnostic

to pathway structure.

To address this, we compared several per-module penalty measures. We found

that the best method to compare each of these modularized collections of Compass

results to a single scFEA flux was to take the maximum positive penalty per module.
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We had expected that the forward-to-reverse penalty ratio would provide a more ac-

curate comparison of the cells, as it could capture net movement through a reaction

[40]. However, the maximum positive penalty method showed the strongest single-cell

module-wise performance, as measured by the ratio of significant-to-positive corre-

lations. Our results suggest that the forward and reverse penalties are not related

to each other in the same manner as kinetic rate constants, or forward and reverse

flux ratios, which was our initial assumption [40]. Nonetheless, both the maximum

penalty ratio and positive penalties can be used to compare Compass results to scFEA

fluxes across modules, with the maximum positive penalty showing the most robust

module-wise performance.

5.3 Cell-wise and module-wise consensus for bulk

and single-cell data

Although our comparison methods demonstrated strong correlations between the

scFEA and Compass results across the majority of modules for our single-cell data,

our hypothesis that the systems could be compared was partially contradicted by the

cell-wise results. We found that the correlations between the selected penalties for

each reaction, and their analogous scFEA module fluxes, were generally poor across

individual cells for single-cell data. Nonetheless, in the single-cell results, the corre-

lation coefficients were generally negative, as expected, and the maximum positive

penalty method showed significant or nearly significant results. The difference be-

tween the cell-wise and module-wise comparisons did not appear to be related to

statistical power.

Interestingly, we found an increase in the unexpectedly positive and significant

correlations using both the maximum penalty score and maximum penalty ratio when

our multiple myeloma dataset was used as input for scFEA and Compass with their

respective imputation methods enabled. This was accompanied by a greater negative

cell-wise correlation. The overall profile of stronger negative cell-wise agreement, but

lower module-wise agreement was similar to our bulk data results. Thus, it appears

that as cells become more homogenous in their expression profile, with potentially

fewer zero values, better cell-wise similarity between Compass and scFEA becomes

apparent. The increase in cell-wise consensus, at the cost of module-level consensus,

was somewhat unexpected. The most likely explanation is that genetic homogeneity
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between cells reduces coarse trends in predicted flux across every cell, but facilitates

consensus for any particular cell, possibly through the reduction of zero values. Thus,

imputation measures should be approached with caution when interpreting the results

of scFEA and Compass when run in concert.

5.4 Module-wise consensus across biological pro-

cesses

We were able to use our module-wise comparisons to address whether the systems

broadly agreed across the results for healthy or pathological states, and for which bio-

logical processes. It has been previously speculated that metabolic perturbation could

limit the usefulness of FBA methods operating under the steady-state assumption [2,

42]. Our comparison results contradicted this hypothesis. We found a high gen-

eral level of module-wise agreement between the two systems for a multiple myeloma

dataset and in pancreatic cancer cell data. Relative to healthy cells, cancer cells

are known to upregulate glycolysis and glutamine uptake which results is used in in-

creased nucleotide synthesis [50]. For these specific systems, we found that glycolysis

and TCA, and broad sections of pyrimidine metabolism, showed greater agreement

for the multiple myeloma than for a healthy mouse dataset. Thus, our current results

support the use of Compass-to-scFEA consensus measures when studying single-cell

tumor cell metabolism, although the systems may exhibit limited agreement on par-

ticular reactions related to nucleotide synthesis in these cells.

5.5 Reaction-level consensus and consistency with

module-level analyses

scFEA outputs flux through an entire module, where the flux for each reaction is

equivalent to the flux through the module [2]. Compass penalties are at the reaction

level, and the calculated potential of a reaction is not used in additional balance

calculation [57]. Thus, Compass appears to have the ability to identify inhibitory

or potentiating reactions that could drive overall flux at steady state in a physical

system. Because Compass outputs are at the reaction level, we sought to determine

whether the results of scFEA and Compass showed consistency across a broad range
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of individual reactions related to a particular module or group of modules.

Our reaction level analysis showed a strong coherence with our representative

module penalty methods. Across our single-cell datasets, and for the vast majority of

individual glycolysis and TCA reactions, we found significant and negative correla-

tions between the forward reaction penalties of Compass and the predicted fluxes of

scFEA. The minority of Compass reactions that were incorrectly directed relative to

an scFEA module did not appear to affect the results, potentially owing to a propor-

tionate movement between the forward and reverse reactions, even within branched

networks. For glycolysis in particular, our results suggested a stronger consensus

between the two systems for the tumor dataset relative to the control, again in con-

trast to the idea that the steady-state assumption will not be applicable in cancers

[2]. As predicted by the module-level analysis, the purine synthesis results were more

poorly correlated with their corresponding Compass penalties, as were the totality

of the bulk results. These results support a coherence between the systems at the

reaction-level, at least for particular biological processes, and validate the use of the

maximum penalty method at the module-level for single-cell data.

Our reaction-level analyses additionally uncovered a crucial insight regarding the

positive correlations observed at the module-level which helped to resolve our question

of how best to measure disagreement between the systems. We found that for the

single-cell results, the positively correlated fluxes observed at the module-level were

also observed at the reaction-level. However, at the reaction level, most of these

fluxes showed universally positive correlations between the forward Compass reaction

penalties and an associated scFEA predicted flux across an entire Recon subsystem.

These results strongly suggest that the positive correlations observed at the module

level represent a true disagreement between Compass and scFEA, and do not arise as a

result of our comparison method limitations, such as unmapped reactions. Thus, this

type of trend may be a strong indicator of genuine disagreement between Compass

and scFEA, and the results for such reactions should be cautiously approached.

Given these findings, our reaction and module-level analyses suggest a comple-

mentary use of Compass and scFEA. A module-level analysis can demonstrate agree-

ment between the two systems within a particular biological process, or spanning all

available processes. Agreement within these classes could suggest whether a higher

resolution analysis at the reaction level is appropriate, and where a constrained inter-

pretation is warranted. For areas of consensus between the two systems, the reaction-

level fluxes driving the overall movement at the pathway-level in biological system are
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suggested with a higher degree of confidence. Such a workflow might aid in identifying

specific, targetable reactions that are downregulated or upregulated in a pathological

state.

5.6 Performance measures and consensus versus

metabolomics testing

We tested scFEA and Compass on matched data provided by the opposing system to

determine how they would perform generally, and outside of their original validation

domain of either Th17 immune or pancreatic adenocarinoma cells.

Our testing showed that scFEA can perform relatively well at predicting autoimmune-

related metabolic alterations in mouse Th17 cells for TCA cycle and polyamine, but

not glycolytic, metabolism. This expands knowledge of the metabolomics-verified

performance of scFEA. Further, our testing revealed stronger metabolomics-validated

performance for either scFEA or Compass when alternately considering glycolysis or

TCA. These results suggest that the systems should ideally be run in tandem when

autoimmune conditions are considered. Additionally, scFEA has been used solely to

predict metabolic differences in fatty acid, TCA and glycolysis between non-tumorous

osteoblast precursor cells and subsequent differentiated populations associated with

kidney disease, as well as a wide range of flux imbalances in tumor associated lym-

phocytes [1, 58]. In these studies, however, metabolomics validation was absent.

Thus, expanding the biological domains in which scFEA has shown some form of

metabolomics-validated predictions may be important to assessing the reliability of

previous and future results.

Consistent with previous speculation that the steady-state assumption of FBA

may not be amenable to the metabolic perturbation associated with tumor cells,

our Compass results appeared to show a relatively weak ability to predict the fold-

change in glycolytic and TCA cycle activity relative to metabolite data in pancreatic

adenocarcinoma cells. [2]. This was somewhat unexpected given the strong nega-

tive correlations observed across both glycolysis and TCA in the multiple myeloma

dataset, and the knowledge that both multiple myeloma and pancreatic adenocarci-

noma cells demonstrate increased glucose and glutamine metabolism [43, 46]. One

potential explanation is that Compass performs better on liquid versus solid tumor

data, and that the performance decreases observed for cells originating from solid
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tumors could be due to gene expression alterations in a hypoxic tumor environment.

[4, 37].

In this thesis, we did not find a statistically significant improvement of scFEA over

Compass in predicting pancreatic adenocarcinoma metabolism. However, our corre-

lation was calculated using only seven metabolites, and one substituted metabolite,

in contrast to the eight used by Alghamdi et al. [2]. Further, our analysis used the

entire 48 sample set of APEX1-KD knockdown data in contrast to their 27 filtered

cells. While our results suggest that scFEA may still be the best tool for predicting

metabolism in tumor cells when outliers are considered, it may be that the system is

highly sensitive to the quality of expression data originating from cells with a gene

knockdown.

We assessed the level of consensus between the systems for these datasets to deter-

mine the degree to which the system predictions agreed and with the metabolomics

data. For the Th17 cell data, lack of consensus between the systems, across all of the

cell types and KNN settings, appeared to be reflected in the inconsistencies between

the individual system predictions relative to the glycolysis and TCA metabolomics

data. Thus, the consensus measures appear to have some ability to suggest when false

positives or false negatives are present in either the Compass or scFEA results. For

the pancreatic adenocarcinoma cells, significant negative correlation coefficients were

observed across the glycolysis and TCA modules when the results were compared,

but spanned a wide range of magnitudes. A per-module connection between the

correlation coefficient and the metabolite to flux-fold prediction could not be estab-

lished for individual modules. However, the general agreement between the systems

for the Pa03 cells, and the weak-to-moderate correlations with the metabolite data,

suggests that consensus testing could reveal true positives, at least for a class of mod-

ules, indicating the systems are consistent with the actual metabolic properties of a

cell. Within such a cluster, the analysis could move to the reaction-level with greater

confidence. Further, although the evidence here is limited, our results suggest that

module-wise consensus measures may have the ability to detect predicted flux outliers

arising from scFEA, and may assist in ruling out anomalous results. This could prove

useful, as single system predictions may present unusual results that might otherwise

be ascribed to genuine metabolic alterations.

Given the limited availability of matched metabolomics and transcriptomics datasets,

and because Compass and scFEA appear to exhibit stronger performance for certain

processes, our findings further suggest that a consensus interpretation could provide
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additional confidence in areas of predicted agreement and could assist in ruling out

abnormal results prior to, or in absence of, any direct experimentation.

5.7 Best practices for using scFEA and Compass

with a consensus interpretation

A peripheral goal of this thesis was to determine whether there are additional best

practices for using single-cell flux prediction tools either separately, or when consen-

sus measures were applied. Here, we found that segregating data for similar cells

had a small, but noticeable effect on the results for Compass when k-nearest neigh-

bors smoothing was enabled. This was partially expected, as there is no guarantee

that metabolic dysregulation would result in a truly distinct RNA-seq profile. In-

terestingly, as previously mentioned, imputation methods appeared to decrease the

module-level consensus when employed by both systems. Thus, data segregation and

imputation should be taken into account when running these systems, particularly

when their results are being compared.

5.8 Limitations

Several limitations were present in this study. Our automated method of clustering

and selecting Compass penalties to represent a module appeared to be successful in

practice. However, the mapping of Recon reaction identifiers to most scFEA modules

did not produce the same number of reactions as in the original module. In cases

where either a KEGG id or EC number mapped to multiple reactions or reaction

variants, these could not readily be filtered from the results. Further, an exhaustive

analysis of the mapped reactions was not performed.

As this thesis focused on the methods of comparing the outputs of the two

systems, the single-cell RNA-seq datasets used were limited. Alternative matched

metabolomics and single-cell RNA-seq datasets were not available. Similarly, an ex-

haustive analysis comparing the Compass predicted reaction penalties for each Recon2

subsystem to its scFEA analog was not undertaken. Thus, it is not certain how our

results would generalize to further datasets and reaction subsystems.

Owing to the lack of matched metabolomics and single-cell RNA sequencing data

available, mouse data was used in this study during consensus testing. While scFEA
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provides explicit support for mouse data, a published listing of the reactions for

each of the mouse modules does not appear to be available. We were able to work

around this limitation by using the human module information from scFEA, under

the assumption that the reactions should be similar for both species. Consensus

measures based on the 168 human module metadata were applied to the 168 module

scFEA mouse results, but it is not explicitly known if these modules are analogous.

Further, Compass uses the Recon2 human metabolic reconstruction, and although

the effects are assumed to be minor, it is not known to what degree this inherent

limitation affected our mouse results.

Lastly, Compass penalties were selected for each module based on a maximum

for non-identical but related reactions. These reactions may have dissimilar deter-

mined optima as determined by the first stage of Compass algorithm. Therefore,

although our method appeared to be successful, it is not precisely known how the

reaction optima calculated by this initial FBA step can influence the penalty versus

the transcriptome-inclusive second step.
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Chapter 6

Conclusions

6.1 Concluding Remarks:

Here, I demonstrated that the similarities between the outputs of Compass and scFEA

can be measured, and that these systems can achieve a substantial consensus for at

least certain types of single-cell data. The complementary nature of the two systems

can allow movement to the reaction-level if agreement is observed at the broader

module level. These systems appear to show a stronger agreement when applied

to RNA sequencing data from metabolically disturbed cells. Optimal use of these

systems, particularly together, may require extra data preparation steps and runs

with different system settings. Homogenizing the expression profiles of cells may

detrimentally affect the ability of this methods described in this thesis to detect

consensus.

6.2 Future Work:

In this thesis, it was not possible to extensively test large combinations of datasets

and software settings. Future work might determine the level of consensus between

Compass and scFEA for datasets arising from a range of species, pathological and

healthy states and sequencing technologies. Further investigating best practices, such

as imputation settings, dataset segregation, and standardization of library and linear

solver versions should also be implemented if these tools are to be broadly adopted.

To improve the consensus, enhanced mapping methods could be used to remove

unwanted compartmental variants and reactions from the module-to-reaction key.
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Manual verification could be used to ensure that each group of reactions was accu-

rately mapped. To better compare the penalties of disparate and remotely related

reactions, Compass penalty scores could be normalized for their optima so that dif-

ficult to maintain low optima reactions can be differentiated from easily maintained

high optima reactions. In addition, determining the effect of substrate substitutions

on a wide range Compass reaction penalties could also suggest whether they should

be filtered from the reaction collections.

Beyond optimizing the use of current tools, our paper suggests a path towards

improving these single-cell methods. Previously, prediction of metabolism by models

based on transcriptomic data has shown highly conflicting results. Using data from

the Cancer Cell Line Encyclopedia to train a co-occurrence network, Caviccioli et al.

demonstrated that metabolites could be predicted with varying levels of success [12].

However, Li et al. reported negative results when using a lasso regression trained

on the same dataset [31]. Notably, however, Li et al. showed marginal increases in

predictive performance when their model was given upstream metabolites in addition

to transcriptomics data, suggesting that that the order and position of metabolites is

important to prediction [31].

The consensus between Compass and scFEA observed in this work, as well as their

level of performance here and in their respective studies, further suggests that com-

bining metabolic network information with initially weak pathway flux predictions

may enhance flux estimations across the reactions of an entire metabolic model. In-

deed, earlier literature on flux prediction supports the requirement, and suggests that

combining a metabolic network with transcriptomics could result in an over 10-fold

increase in accuracy [21].

The co-occurrence network approach of Caviccioli et al., as well as an unpublished

result investigating the relationship between gene expression and metabolite quanti-

ties, suggests that non-pathway genes can have a greater influence over metabolite

levels than pathway genes alone [5]. We were able to verify this with our own ex-

periments. Thus, to improve upon existing methods, two conditions are suggested.

First, there should be convincing evidence of gene-metabolite correlations, even if the

predictive genes are not coding for pathway enzymes directly related to the metabo-

lite. Second, the ability of a chosen gene-set to predict metabolite quantity should be

closely surveyed as metabolic network information is incorporated into the model.
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sure metabolic fluxes: a taxonomic guide for 13C fluxomics”. In: Current Opin-

ion in Biotechnology. Systems biology • Nanobiotechnology 34 (Aug. 1, 2015),

pp. 82–90. issn: 0958-1669. doi: 10.1016/j.copbio.2014.12.003.

[39] Jeffrey D Orth, Ines Thiele, and Bernhard Ø Palsson. “What is flux balance

analysis?” In: Nature Biotechnology 28.3 (Mar. 2010), pp. 245–248. issn: 1087-

0156, 1546-1696. doi: 10.1038/nbt.1614.

[40] Junyoung O. Park et al. “Metabolite concentrations, fluxes, and free energies

imply efficient enzyme usage”. In: Nature chemical biology 12.7 (July 2016).

Number: 7, pp. 482–489. issn: 1552-4450. doi: 10.1038/nchembio.2077.

[41] Chirag H. Patel et al. “Targeting metabolism to regulate immune responses

in autoimmunity and cancer”. In: Nature Reviews. Drug Discovery 18.9 (Sept.

2019), pp. 669–688. issn: 1474-1784. doi: 10.1038/s41573-019-0032-5.

[42] Vinee Purohit et al. “Systems-based approaches to study immunometabolism”.

In: Cellular & Molecular Immunology 19.3 (Mar. 2022). Number: 3 Publisher:

Nature Publishing Group, pp. 409–420. issn: 2042-0226. doi: 10.1038/s41423-

021-00783-9.

[43] Cheng Qin et al. “Metabolism of pancreatic cancer: paving the way to better

anticancer strategies”. In: Molecular Cancer 19.1 (Mar. 2, 2020), p. 50. issn:

1476-4598. doi: 10.1186/s12943-020-01169-7.



64

[44] Meghna Rajvanshi and Kareenhalli V. Venkatesh. “13C Metabolic Flux Anal-

ysis”. In: Encyclopedia of Systems Biology. Ed. by Werner Dubitzky et al. New

York, NY: Springer, 2013, pp. 167–170. isbn: 978-1-4419-9863-7. doi: 10.1007/

978-1-4419-9863-7_699.

[45] Karthik Raman and Nagasuma Chandra. “Flux balance analysis of biologi-

cal systems: applications and challenges”. In: Briefings in Bioinformatics 10.4

(July 1, 2009), pp. 435–449. issn: 1467-5463. doi: 10.1093/bib/bbp011.

[46] Monica Roman-Trufero, Holger W. Auner, and Claire M. Edwards. “Multiple

myeloma metabolism – a treasure trove of therapeutic targets?” In: Frontiers

in Immunology 13 (2022). issn: 1664-3224.

[47] Nicole Scharping and Greg Delgoffe. “Tumor Microenvironment Metabolism: A

New Checkpoint for Anti-Tumor Immunity”. In: Vaccines 4.4 (Dec. 6, 2016),

p. 46. issn: 2076-393X. doi: 10.3390/vaccines4040046.

[48] Eleanore Seibert and Timothy S. Tracy. “Fundamentals of Enzyme Kinetics:

Michaelis-Menten and Non-Michaelis–Type (Atypical) Enzyme Kinetics”. In:

Enzyme Kinetics in Drug Metabolism. Ed. by Swati Nagar, Upendra A. Argikar,

and Donald Tweedie. Vol. 2342. Series Title: Methods in Molecular Biology.

New York, NY: Springer US, 2021, pp. 3–27. isbn: 978-1-07-161553-9 978-1-07-

161554-6. doi: 10.1007/978-1-0716-1554-6_1.

[49] Shalini Singh et al. “Flux-based classification of reactions reveals a functional

bow-tie organization of complex metabolic networks”. In: Physical Review E

87.5 (May 14, 2013). Publisher: American Physical Society, p. 052708. doi:

10.1103/PhysRevE.87.052708.

[50] Bradley Smith et al. “Addiction to Coupling of the Warburg Effect with Glu-

tamine Catabolism in Cancer Cells”. In: Cell reports 17.3 (Oct. 11, 2016). Num-

ber: 3, pp. 821–836. issn: 2211-1247. doi: 10.1016/j.celrep.2016.09.045.

[51] Gregory Stephanopoulos. “Metabolic Fluxes and Metabolic Engineering”. In:

Metabolic Engineering 1.1 (Jan. 1999), pp. 1–11. issn: 10967176. doi: 10.1006/

mben.1998.0101.

[52] Linchong Sun et al. “Metabolic reprogramming for cancer cells and their mi-

croenvironment: Beyond the Warburg Effect”. In: Biochimica et Biophysica

Acta (BBA) - Reviews on Cancer 1870.1 (Aug. 2018), pp. 51–66. issn: 0304419X.

doi: 10.1016/j.bbcan.2018.06.005.



65

[53] Yvette Temate-Tiagueu et al. “Inferring metabolic pathway activity levels from

RNA-Seq data”. In: BMC Genomics 17.5 (Aug. 31, 2016), p. 542. issn: 1471-

2164. doi: 10.1186/s12864-016-2823-y.

[54] Ines Thiele and Bernhard Ø Palsson. “A protocol for generating a high-quality

genome-scale metabolic reconstruction”. In: Nature Protocols 5.1 (Jan. 2010),

pp. 93–121. issn: 1754-2189, 1750-2799. doi: 10.1038/nprot.2009.203.

[55] Tutorial — Compass 2021 documentation. 2021. url: https://yoseflab.

github.io/Compass/tutorial.html (visited on 04/30/2023).

[56] Virtual Metabolic Human. n.d. url: https://www.vmh.life/ (visited on

04/30/2023).

[57] Allon Wagner et al. “Metabolic modeling of single Th17 cells reveals regulators

of autoimmunity”. In: Cell 184.16 (Aug. 5, 2021), pp. 4168–4185. issn: 1097-

4172. doi: 10.1016/j.cell.2021.05.045.

[58] Jinfen Wei et al. “Single-cell and spatial analyses reveal the association be-

tween gene expression of glutamine synthetase with the immunosuppressive

phenotype of APOE+CTSZ+TAM in cancers”. In: Molecular Oncology 17.4

(Jan. 21, 2023). Number: 4, pp. 611–628. issn: 1574-7891. doi: 10.1002/1878-

0261.13373.

[59] David S Wishart et al. “HMDB 5.0: the Human Metabolome Database for

2022”. In: Nucleic Acids Research 50 (D1 Jan. 7, 2022), pp. D622–D631. issn:

0305-1048, 1362-4962. doi: 10.1093/nar/gkab1062.

[60] Jun Feng Xiao, Bin Zhou, and Habtom W. Ressom. “Metabolite identification

and quantitation in LC-MS/MS-based metabolomics”. In: Trends in analytical

chemistry : TRAC 32 (Feb. 1, 2012), pp. 1–14. issn: 0165-9936. doi: 10.1016/

j.trac.2011.08.009.

[61] Zixuan Zhang et al. scFLUX: a web server for metabolic flux and variation

prediction using transcriptomics data. preprint. Bioinformatics, June 20, 2022.

doi: 10.1101/2022.06.18.496660. url: http://biorxiv.org/lookup/doi/

10.1101/2022.06.18.496660.



66

Appendix A

Supplementary Tables and Figures

Tables A.1-A.4. Cell and module similarity measures for two methods of comparing

Compass penalties to the predicted fluxes of scFEA for three RNA-seq datasets.

Table A.1: Single-cell multiple myeloma gene expression dataset (GSE110499).

Cell
Aggregating Penalty Ratio Positive Penalty
function r pcomb r pcomb

Max -0.054 0.79 -0.066 0.091
Min -0.0018 1 -0.0033 1
Sum -0.081 0.0012 -0.068 1
Mean -0.18 0.30 -0.070 0.82

Module
Aggregating Penalty Ratio

function p < 0.05 NA Positive ρ Positive ρ
p< 0.05

Max 103 7 11 0.11
Min 44 70 4 0.085
Sum 103 7 11 0.11
Mean 103 7 11 0.11

Aggregating Positive Penalty

function p < 0.05 NA Positive ρ Positive ρ
p< 0.05

Max 106 5 9 0.085
Min 54 67 5 0.093
Sum 107 5 9 0.084
Mean 107 5 9 0.084
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Table A.2: Single-cell fetal mouse lung dataset (GSE122330)

Cell
Aggregating Penalty Ratio Positive Penalty
function r pcomb r pcomb

Max -0.059 0.92 -0.084 0.0053
Min -0.051 1 -0.048 1
Sum -0.067 0.30 -0.064 0.30
Mean -0.077 0.20 -0.074 0.27

Module
Aggregating Penalty Ratio

function p < 0.05 NA Positive ρ Positive ρ
p< 0.05

Max 77 14 3 0.039
Min 26 77 4 0.15
Sum 82 14 4 0.049
Mean 82 14 4 0.049

Aggregating Positive Penalty

function p < 0.05 NA Positive ρ Positive ρ
p< 0.05

Max 82 12 3 0.037
Min 39 73 3 0.077
Sum 90 12 5 0.056
Mean 90 12 5 0.056
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Table A.3: Single-cell multiple myeloma dataset (GSE110499) with imputation and
smoothing

Cell
Aggregating Penalty Ratio Positive Penalty
function r pcomb r pcomb

Max -0.010 9.13e-12 -0.011 1.15e-17
Min 0.036 1 0.035 1
Sum -0.11 4.75e-19 -0.11 1.30e-16
Mean -0.00038 1 -0.007 1

Module
Aggregating Penalty Ratio

function p < 0.05 NA Positive ρ Positive ρ
p< 0.05

Max 106 11 30 0.28
Min 47 74 12 0.25
Sum 108 11 30 0.28
Mean 108 11 30 0.28

Aggregating Positive Penalty

function p < 0.05 NA Positive ρ Positive ρ
p< 0.05

Max 109 9 28 0.26
Min 55 70 9 0.16
Sum 110 9 28 0.25
Mean 110 9 28 0.25
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Table A.4: Bulk Ovarian Clear-cell Carcinoma (GSE123426)

Cell
Aggregating Penalty Ratio Positive Penalty
function r pcomb r pcomb

Max -0.25 1.29e-17 -0.21 2.0e-11
Min 0.14 2.51e-4 0.16 5.1e-06
Sum -0.26 4.75e-19 -0.25 1.30e-16
Mean -0.0054 0.90 -0.015 1

Module
Aggregating Penalty Ratio

function p < 0.05 NA Positive ρ Positive ρ
p< 0.05

Max 27 11 8 0.30
Min 9 75 0 0.00
Sum 24 11 4 0.17
Mean 24 11 4 0.17

Aggregating Positive Penalty
function p < 0.05 NA Positive ρ p< 0.05

Positive ρ

Max 28 9 6 0.21
Min 12 70 1 0.083
Sum 23 9 2 0.087
Mean 23 9 2 0.087
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Figure A.1: The glycolysis, TCA, and polyamine results from adapting the post-
processing code of Wager et al. to use separate pathological and normal Th17 results.
Each point represents single directed reaction. The effect size between the two cell
types is shown by the Cohen’s distance on the x-axis. The y-axis is the negative log
of the adjusted p-value for a Wilcoxon test between identical reactions in each cell
type.


