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The computational representation of metabolic networks has traditionally abstracted the 

representation of enzymatic components that catalyze their associated reactions. However, the long 

history of reductionism in studying biological components, specifically the three-dimensional 

structure of proteins, has resulted in a rich knowledgebase of experimental data and computational 

tools capable of describing atomic-level biochemical interactions and inferring functional 

consequences. The challenge of integrating such information into large-scale computational 

models of cells results in the intersection of structural and systems biology. This dissertation aims 



xx 

to explore and address the methodological issues that arise from the integration of these two fields, 

centered around the creation of a computational framework to answer the question of how best to 

utilize structural data in genome-scale models of metabolism. I present a software framework, 

ssbio, and an associated pipeline to simplify the integration process and allow the construction of 

high-quality genome-scale models with protein structures (GEM-PROs). The framework allows 

for the rigorous consideration and consolidation of the often repetitive or incomplete data of 

proteins in 3D space. Next, I explore a deep integration of molecular modeling tools into metabolic 

models to understand the impact of non-synonymous mutations on protein-ligand interactions 

within the human erythrocyte. I then show how these models provide utility in a comparative 

analysis of Escherichia coli and Thermotoga maritima by elucidating the impact of the structural 

proteome on the temperature dependence of growth, the distribution of protein fold families, and 

substrate specificity. Finally, I extend this framework to understand if hypothesized adaptations to 

oxidative stress are reflected in the structural proteomes of multiple strains of E. coli, along with 

the incorporation of a probabilistic model of oxidative damage based on selected structural features 

into a model of metabolism and protein synthesis. Overall, these studies represent the utility of a 

multi-scale approach to understanding how changes to the structural proteome can impact the 

system they participate in, along with providing the basis for future computational studies in 

structural systems biology.



1 

Chapter 1. 

ssbio: A Python Framework for Structural 

Systems Biology 

1.1 Abstract 

Working with protein structures at the genome-scale has been challenging in a variety of 

ways. Here, we present ssbio, a Python package that provides a framework to easily work with 

structural information in the context of genome-scale network reconstructions, which can contain 

thousands of individual proteins. The ssbio package provides an automated pipeline to construct 

high quality genome-scale models with protein structures (GEM-PROs), wrappers to popular 

third-party programs to compute associated protein properties, and methods to visualize and 

annotate structures directly in Jupyter notebooks, thus lowering the barrier of linking 3D structural 

data with established systems workflows. ssbio is implemented in Python and available to 

download under the MIT license at http://github.com/SBRG/ssbio. Documentation and Jupyter 

notebook tutorials are available at http://ssbio.readthedocs.io/en/latest/. Interactive notebooks can 

be launched using Binder at https://mybinder.org/v2/gh/SBRG/ssbio/master?filepath=Binder 

.ipynb. 

1.2 Introduction 

Merging the disciplines of structural and systems biology remains promising in a variety 

of ways, but differences in the fields present a learning curve for those looking toward this 

http://github.com/SBRG/ssbio
http://ssbio.readthedocs.io/en/latest/
https://mybinder.org/v2/gh/SBRG/ssbio/master?filepath=Binder
https://mybinder.org/v2/gh/SBRG/ssbio/master?filepath=Binder
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integration within their own research. Beltrao et al. stated it best, that “apparently structural 

biology and systems biology look like two different universes” [1]. A great number of software 

tools exist within the structural bioinformatics community [2-6], and with recent advances in 

structure determination techniques, the number of experimental structures in the Protein Data Bank 

(PDB) continues to steadily rise [7]. The challenges of integrating external data and software tools 

into systems analyses have been detailed [8], and structural information is no exception to the 

norm. At the systems-level, curated network models such as genome-scale metabolic models 

(GEMs) provide a context for molecular interactions in a functional cell [9]. Recently, GEMs 

integrated with protein structures (GEM-PROs) have extended these models to explicitly utilize 

3D structural data alongside modeling methods to substantiate a number of hypotheses, as we 

explain below.  

Here, we present ssbio, a Python package designed with the goal of lowering the learning 

curve associated with efforts in structural systems biology. ssbio directly integrates with and builds 

upon the COBRApy toolkit [10] allowing for seamless integration with existing GEMs. The core 

functionality of ssbio is additionally extended by hooks to many popular third-party structural 

bioinformatics algorithms, such as DSSP, MSMS, SCRATCH, I-TASSER, and others (see Tables 

1 and 2 for a full list) [11-14]. 
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Table 1.1. A summary of currently available functionalities for a protein sequence contained in ssbio. 

External software or web servers are listed if the functionality is dependent on it. If there are software listed as an 

alternate, then that means that there exists either another third-party program or a Python-based method that carries 

out the same function. For example, the Biopython pairwise2 function carries out a pairwise sequence alignment, but 

can also be run using the EMBOSS needle package. This table can also be found in the documentation at: 

http://ssbio.readthedocs.io/en/latest/sequence.html 

Analysis 

type Function Description 

Internal ssbio 

class or 

function 

External 

software Web server 

Alternate 

external 

software 

Sequence- 

based 

predictions 

Secondary 

structure and 

solvent 

accessibilities 

Predictions of secondary structure and 

relative solvent accessibilities per 

residue 

scratch module SCRATCH 

[13] 

  

Thermostability Free energy of unfolding (ΔG), 

adapted from Oobatake [15] and Dill 

[16] 

thermostability 

module 

   

Transmembrane 

domains 

Prediction of transmembrane domains 

from sequence 

tmhmm module TMHMM 

[17] 

  

Aggregation 

propensity 

Consensus method to predict the 

aggregation propensity of proteins, 

specifically the number of 

aggregation-prone segments on an 

unfolded protein sequence 

aggregation 

propensity 

module 

 AMYLPRED2 

[18] 

 

Sequence- 

based 

calculations 

Various 

sequence 

properties 

Basic properties of the sequence, such 

as percent of polar, non-polar, 

hydrophobic or hydrophilic residues. 

Biopython 

ProteinAnalysis 

[19] 

sequence 

residues 

module 

  EMBOSS 

pepstats 

[20] 

Sequence 

alignment 

Basic functions to run pairwise or 

multiple sequence alignments 

Biopython 

pairwise2 [19] 

alignment 

module 

  EMBOSS 

needle 

[20] 

 

  

http://ssbio.readthedocs.io/en/latest/instructions/scratch.html#module-ssbio.protein.sequence.properties.scratch
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.sequence.properties.thermostability
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.sequence.properties.thermostability
http://ssbio.readthedocs.io/en/latest/instructions/tmhmm.html#module-ssbio.protein.sequence.properties.tmhmm
http://ssbio.readthedocs.io/en/latest/instructions/amylpred.html#module-ssbio.protein.sequence.properties.aggregation_propensity
http://ssbio.readthedocs.io/en/latest/instructions/amylpred.html#module-ssbio.protein.sequence.properties.aggregation_propensity
http://ssbio.readthedocs.io/en/latest/instructions/amylpred.html#module-ssbio.protein.sequence.properties.aggregation_propensity
http://ssbio.readthedocs.io/en/latest/instructions/amylpred.html#module-ssbio.protein.sequence.properties.aggregation_propensity
http://ssbio.readthedocs.io/en/latest/instructions/emboss.html#module-ssbio.protein.sequence.properties.residues
http://ssbio.readthedocs.io/en/latest/instructions/emboss.html#module-ssbio.protein.sequence.properties.residues
http://ssbio.readthedocs.io/en/latest/instructions/emboss.html#module-ssbio.protein.sequence.properties.residues
http://ssbio.readthedocs.io/en/latest/instructions/emboss.html
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.sequence.utils.alignment
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.sequence.utils.alignment
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Table 1.2. A summary of currently available functionalities for a protein structure contained in ssbio.  

Residue-level properties from structures are linked to the correct residue numbering schemes in mapped sequences, 

or vice-versa. As in Table 1, external software, web servers and alternates are provided in the rightmost columns. This 

table can also be found in the documentation at: http://ssbio.readthedocs.io/en/latest/structure.html 

Analysis 

type Function Description 

Internal ssbio 

class or function 

External 

software 

Web 

server 

Alternate 

external  

software 

Sequence- 

based 

prediction 

Homology 

modeling 

Preparation scripts and parsers 

for executing homology 

modeling algorithms 

itasserprep 
module 
itasserprop 
module 

I-TASSER 

[14] 

  

Structure- 

based 

prediction 

Transmembrane 

orientation 

Prediction of transmembrane 

domains and orientation in a 

membrane 

opm module  OPM [21]  

Kinetic folding 

rate 

Prediction of protein folding 

rates from amino acid sequence 

kinetic 
folding rate 
module 

 FOLD-

RATE 

[22] 

 

Structure- 

based 

calculation 

Secondary 

structure 

Calculations of secondary 

structure 

Biopython DSSP 

[3] 
dssp module 
stride module 

DSSP [11],   STRIDE 

[23] 

Solvent 

accessibilities 

Calculations of per-residue 

absolute and relative solvent 

accessibilities 

Biopython DSSP 

[3] 
dssp module 
freesasa 
module 

DSSP [11],   FreeSASA 

[24] 

Residue depths Calculations of residue depths Biopython 

ResidueDepth [3] 
msms module 

MSMS [12]   

Structural 

similarity 

Pairwise calculations of 3D 

structural similarity 

fatcat module FATCAT 

[25] 

  

Quality Custom functions to allow 

ranking of structures by percent 

identity to a defined sequence, 

structure resolution, and other 

structure quality metrics 

set 
representative 
structure 
function 

   

Various 

structure 

properties 

Basic properties of the structure, 

such as distance measurements 

between residues or number of 

disulfide bridges 

structure 
residues 
module 

Biopython 

Struct [3] 

  

Structure- 

based 

function 

Structure 

cleaning, 

mutating 

Custom functions to allow for the 

preparation of structure files for 

molecular modeling, with 

options to remove 

hydrogens/waters/heteroatoms, 

select specific chains, or mutate 

specific residues. 

Biopython Select 

[3] 
cleanpdb 
module 
mutatepdb 
module 

  AmberTools 

[26] 

  

http://ssbio.readthedocs.io/en/latest/structure.html
http://ssbio.readthedocs.io/en/latest/instructions/itasser.html#module-ssbio.protein.structure.homology.itasser.itasserprep
http://ssbio.readthedocs.io/en/latest/instructions/itasser.html#module-ssbio.protein.structure.homology.itasser.itasserprep
http://ssbio.readthedocs.io/en/latest/instructions/itasser.html#module-ssbio.protein.structure.homology.itasser.itasserprop
http://ssbio.readthedocs.io/en/latest/instructions/itasser.html#module-ssbio.protein.structure.homology.itasser.itasserprop
http://ssbio.readthedocs.io/en/latest/instructions/opm.html#module-ssbio.protein.structure.properties.opm
http://ssbio.readthedocs.io/en/latest/instructions/foldrate.html#module-ssbio.protein.sequence.properties.kinetic_folding_rate
http://ssbio.readthedocs.io/en/latest/instructions/foldrate.html#module-ssbio.protein.sequence.properties.kinetic_folding_rate
http://ssbio.readthedocs.io/en/latest/instructions/foldrate.html#module-ssbio.protein.sequence.properties.kinetic_folding_rate
http://ssbio.readthedocs.io/en/latest/instructions/dssp.html#module-ssbio.protein.structure.properties.dssp
http://ssbio.readthedocs.io/en/latest/instructions/stride.html#module-ssbio.protein.structure.properties.stride
http://ssbio.readthedocs.io/en/latest/instructions/dssp.html#module-ssbio.protein.structure.properties.dssp
http://ssbio.readthedocs.io/en/latest/instructions/freesasa.html#module-ssbio.protein.structure.properties.freesasa
http://ssbio.readthedocs.io/en/latest/instructions/freesasa.html#module-ssbio.protein.structure.properties.freesasa
http://ssbio.readthedocs.io/en/latest/instructions/msms.html#module-ssbio.protein.structure.properties.msms
http://ssbio.readthedocs.io/en/latest/instructions/fatcat.html#module-ssbio.protein.structure.properties.fatcat
http://ssbio.readthedocs.io/en/latest/protein.html#ssbio.core.protein.Protein.set_representative_structure
http://ssbio.readthedocs.io/en/latest/protein.html#ssbio.core.protein.Protein.set_representative_structure
http://ssbio.readthedocs.io/en/latest/protein.html#ssbio.core.protein.Protein.set_representative_structure
http://ssbio.readthedocs.io/en/latest/protein.html#ssbio.core.protein.Protein.set_representative_structure
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.structure.properties.residues
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.structure.properties.residues
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.structure.properties.residues
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.structure.utils.cleanpdb
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.structure.utils.cleanpdb
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.structure.utils.mutatepdb
http://ssbio.readthedocs.io/en/latest/python_api.html#module-ssbio.protein.structure.utils.mutatepdb
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1.3 Functionality 

1.3.1 Protein class 

ssbio adds a Protein class as an attribute to a COBRApy Gene and is representative of 

the gene’s translated polypeptide chain (Figure 1A). A Protein holds related amino acid 

sequences and structures, and a single representative sequence and structure can be set from these. 

This simplifies network analyses by enabling the properties of all or a subset of proteins to be 

computed and subsequently queried for. For details on these properties, as well as installation and 

execution instructions for the third-party software used to compute them, please see the 

documentation. Additionally, proteins with multiple structures available in the PDB can be 

subjected to QC/QA based on set cutoffs such as sequence coverage and X-ray resolution. Proteins 

with no structures available can be prepared for homology modeling through platforms such as I-

TASSER [14]. Biopython representations of sequences (SeqRecord objects) and structures 

(Structure objects) are utilized to allow access to analysis functions available for their 

respective objects (Figure 1B) [19]. Finally, all information contained in a Protein (or in the 

context of a network model, multiple proteins) can be saved and shared as a JavaScript Object 

Notation (JSON) file. 
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Figure 1.1. Overview of the design and functionality of ssbio.  

Underlined fixed-width text in blue indicates added functionality to COBRApy for a genome-scale model loaded using 

ssbio. A) A simplified schematic showing the addition of a Protein to the core objects of COBRApy (fixed-width text 

in gray). A gene is directly associated with a protein, which can act as a monomeric enzyme or form an active complex 

with itself or other proteins (the asterisk denotes that methods for complexes are currently under development). B) 

Summary of functions available for computing properties on a protein sequence or structure. C) Uses of a GEM-PRO, 

from the bottom-up and the top-down. Once all protein sequences and structures are mapped to a genome-scale model, 

the resulting GEM-PRO has uses in multiple areas of study, as noted in the main text. 
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1.3.2 GEM-PRO pipeline 

The objectives of the GEM-PRO pipeline have previously been detailed [27]. A GEM-

PRO directly integrates structural information within a curated GEM (Figure 1C), and streamlines 

identifier mapping, representative object selection, and property calculation for a set of proteins. 

The pipeline provided in ssbio functions with an input of a GEM, but alternatively works with a 

list of gene identifiers or their protein sequences if network information is unavailable.  

The added context of manually curated network interactions to protein structures enables 

different scales of analyses. For instance, from the top-down, global non-variant properties of 

protein structures such as the distribution of fold types can be compared within or between 

organisms [27-29]. From the bottom-up, structural properties predicted from sequence or 

calculated from structure can be utilized to guide a metabolic reconstruction [30] or to enhance 

model predictive capabilities [31-34]. Looking forward, applications to multi-strain modelling 

techniques [35-37] would allow strain-specific changes to be investigated at the molecular level, 

potentially explaining phenotypic differences or strain adaptations to certain environments. 

1.3.3 Scientific analysis environment 

We provide a number of Jupyter notebook tutorials to demonstrate analyses at different 

scales (i.e. for a single protein sequence or structure, set of proteins, or network model). These 

notebooks can be launched in a virtual environment through the Binder project 

(https://mybinder.org/), with most third-party software pre-installed so users can immediately run 

through tutorials and experiment with them. Certain data can be represented as Pandas DataFrames 

[38], enabling quick data manipulation and graphical visualization. These notebooks are further 

extended by visualization tools such as NGLview for interacting with and annotating 3D structures 

[39, 40], and Escher for constructing and viewing biological pathways [41].  

https://mybinder.org/
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1.3.4 Attribute access 

In the context of a COBRApy Model loaded with ssbio (my_model in the example below), 

the protein and its main attributes can be accessed simply by: 

from ssbio.pipeline.gempro import GEMPRO 
my_model = GEMPRO(gem_name='si_demo', gem_file_path='/path/to/gem.xml', 
                  gem_file_type='sbml') 
my_gene_id = 'geneA' 
my_protein = my_model.genes.get_by_id(my_gene_id).protein 
my_protein.sequences  # Contains a list of stored amino acid sequences 
my_protein.structures  # Contains a list of stored 3D structures 
my_protein.representative_sequence  # Single representative amino acid sequence 
my_protein.representative_structure  # Single representative 3D structure 
 

1.3.5 Package organization 

ssbio is organized into the following submodules for defined purposes. A table of currently 

available functionalities for protein sequences and structures can be found in Tables 1 and 2.  

1. ssbio.databases, modules that heavily depend on the Bioservices package [42] and custom 

code to enable pulling information from web services such as UniProt, KEGG, and the PDB, 

and to directly convert that information into sequence and structure objects to load into a 

protein. 

2. ssbio.core, modules which represent objects that make up some of the contents of a cell 

systems model (genes, proteins and protein complexes). 

3. ssbio.protein.sequence, modules which allow a user to execute and parse sequence-

based utilities such as sequence alignment algorithms or structural feature predictors. 

4. ssbio.protein.structure, modules that mirror the sequence module but instead work 

with structural information to calculate properties, and also to streamline the generation of 

homology models as well as to prepare structures for molecular modeling tools such as docking 

or molecular dynamics. 

https://www.biorxiv.org/highwire/filestream/80291/field_highwire_adjunct_files/0/165506-1.pdf
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5. ssbio.pipeline.gempro, a pipeline that simplifies the execution of these tools per protein 

while placing them into the context of a genome-scale model. 

6. ssbio.viz, modules which focus on the 3D visualization of protein structures and network 

representations of systems models. 

1.3.6 Cached files 

Files such as sequences, structures, alignment files, and property calculation outputs can 

optionally be cached on a user’s disk to minimize calls to web services, limit recalculations, and 

provide direct inputs to common sequence and structure algorithms which often require local 

copies of the data. For a GEM-PRO project, files are organized in the following fashion once a 

root directory and project name are set: 

<ROOT_DIR> 
└── <PROJECT_NAME> 
      ├── data  # General directory for pipeline outputs 
      ├── model  # SBML and GEM-PRO models are stored in this directory 
      └── genes  # Per gene information 
            └── <gene_id1>  # Specific gene directory 
                  └── <protein_id1>  # Protein directory 
                        ├── sequences  # Protein sequence files, alignments 
                        └── structures  # Protein structure files, calculations 

1.4 Conclusion 

ssbio provides a Python framework for systems biologists to start thinking about detailed 

molecular interactions and how they impact their models, and enables structural biologists to scale 

up and apply their expertise to multiple enzymes working together in a system. Towards a vision 

of whole-cell in silico models, structural information provides invaluable molecular-level details, 

and integration remains crucial. 
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Chapter 2. 

A Multi-scale Computational Platform to 

Mechanistically Assess the Effect of Genetic 

Variation on Drug Responses in Human 

Erythrocyte Metabolism 

2.1 Abstract 

Progress in systems medicine brings promise to addressing patient heterogeneity and 

individualized therapies. Recently, genome-scale models of metabolism have been shown to 

provide insight into the mechanistic link between drug therapies and systems-level off-target 

effects while being expanded to explicitly include the three-dimensional structure of proteins. The 

integration of these molecular-level details, such as the physical, structural, and dynamical 

properties of proteins, notably expands the computational description of biochemical network-

level properties and the possibility of understanding and predicting whole cell phenotypes. In this 

study, we present a multi-scale modeling framework that describes biological processes which 

range in scale from atomistic details to an entire metabolic network. Using this approach, we can 

understand how genetic variation, which impacts the structure and reactivity of a protein, 

influences both native and drug-induced metabolic states. As a proof-of-concept, we study three 

enzymes (catechol-O-methyltransferase, glucose-6-phosphate dehydrogenase, and 
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glyceraldehyde-3-phosphate dehydrogenase) and their respective genetic variants which have 

clinically relevant associations. Using all-atom molecular dynamic simulations enables the 

sampling of long timescale conformational dynamics of the proteins (and their mutant variants) in 

complex with their respective native metabolites or drug molecules. We find that changes in a 

protein’s structure due to a mutation influences protein binding affinity to metabolites and/or drug 

molecules, and inflicts large-scale changes in metabolism. 

2.2 Introduction 

Synergistic advances in pharmacogenomics, genome-wide association studies (GWAS) 

and next-generation sequencing bring promise to future applications of personalized medicine. 

Exploring the mechanistic link between human sequence variation and responses to drug therapy 

is likely to shed light on why certain drugs show a reduced or even harmful effect on specific 

individuals. For example, if an individual has a specific polymorphism or rare variant, the 

consequences of administering a given drug are potentially immense if a life-threatening gene-

drug association has not yet been identified [43]. While numerous harmful gene-drug associations 

have been identified from GWAS (and those with significant side effects now have warnings on 

pharmaceutical labels [44]), screening genome-wide associations across the broad scope of 

available pharmaceutical compounds is currently limited by both the cost of carrying out such 

studies [45] as well as a lack of statistical power due to the rarity of deleterious mutations. 

To address these limitations, a number of recent studies have developed mechanistic, 

computational analyses and the construction of omics-based workflows that identify, for example, 

the mode of action of common drug side effects [46]. Genome-scale modeling enables the analysis 

of disease-causing mutations in mechanistic detail. Genome-scale models of metabolism (GEMs) 
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encompass the known interactions of diverse biological components, or the reactome of a target 

organism, into a unified, functional framework. This framework contains all known metabolic 

reactions, the genes that encode each enzyme, and all metabolites in a given organism and therefore 

provides a direct mapping from genes, to gene products, to the phenotypic responses of cellular 

activity. Mapping sequence variations in a gene to changes in the biological states of an entire 

metabolic network enables characterizing the effects of sequence variation in simplified cellular 

systems, such as the human erythrocyte [47, 48]. Furthermore, a recently updated version of the 

erythrocyte metabolic model (iAB-RBC-283), based on the global reconstruction of the human 

metabolic network (Recon 2) [49] has been used to study the response of the cell to deleterious 

single nucleotide polymorphisms (SNPs) as well as drugs with known targets [47, 50, 51].  

Predicting the wide range of possible effects that SNPs and single nucleotide variations 

(SNVs) can have on structure-function relationships in proteins requires extending a systems-level 

description to include details from physics-based approaches, such as molecular dynamics 

simulations. To this end, three-dimensional structures of proteins provide complementary data for 

further elucidating changes in drug-protein interaction networks. Much attention has been placed 

on developing bioinformatics tools for the statistical analysis of large-scale data sets, (which 

contain information on non-synonymous, exonic mutations on individual proteins), and generating 

hypotheses that explain how mutations affect stability, protein-protein interactions, ligand binding, 

or catalytic function [52]. Atomistic simulations have been used as a complement to experimental 

methods to assess changes in relative binding affinities of potential lead compounds to key 

enzymatic targets [53]. While these approaches are rich in molecular-level details, they are limited 

in their ability to address how significant the observed changes are in the context of an entire 

biochemical pathway or, ultimately, a whole cell. This limitation thus motivates the need to 



14 

develop novel workflows that integrate systems-level and molecular-level details to characterize 

biological processes at graded levels of chemical detail [54-56].  

The growing field of structural systems biology brings promise to the integration of 

systems and molecular sciences, enabling applications in personalized medicine [55, 57-59], drug 

discovery [60-62], understanding off target binding [31, 63, 64] or mechanisms of action, [65-67] 

and also to enhance pharmacokinetic/pharmacodynamic models [68]. Here, we build upon 

previous studies which integrate protein structural information into GEMs [27, 31, 64], by 

developing a multi-scale framework to analyze the effects of sequence variation on drug responses 

in human erythrocyte metabolism (Figure 1). Using genome-scale modeling approaches, we 

identify key proteins in erythrocyte metabolism that are perturbed in the presence of (i) 

pharmaceutical drugs and (ii) sequence variants. Using atomistic simulations, we characterize 

changes in structure and function relationships for different metabolic proteins in the form of drug 

or metabolite binding differences resulting from reported sequence variants. Finally, we integrate 

the knowledge gained from these simulations into a detailed genome-scale model of the 

erythrocyte, allowing for both constraint-based and kinetic methods of analysis to understand the 

systems-wide effect of these variants. 
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Figure 2.1. A novel workflow for advancing systems pharmacology. 

Starting from the genome-scale model of human erythrocyte metabolism (iAB-RBC-283 [50]), we integrate 

information from sequence and structure databases, such as UniProt [69] and the Protein Data Bank (PDB) [70]. Using 

information from the PDB, experimental protein structures are linked to their respective encoding genes and 

interacting partners in the metabolic networks. Using homology modeling, representative templates are used to build 

structural models of target proteins when existing experimental structural information is sparse or missing. The 

resulting GEnome-scale model of Metabolism with PROtein structures, GEM-PRO, (referred to as iNM-RBC-283-

GP), presents all of this information in a single database and can be used to generate hypotheses related to cell function 

in the presence of environmental perturbations. Using other external databases such as the PharmGKB [71], 

information about known SNPs, drug-related effects, and pharmacogenomic data is used to find promising protein 

targets that are characterized at the molecular level. Finally, the information gained from structural simulations (e.g. 

substrate docking and molecular dynamics simulations) can be used as input to guide systems modeling and test 

hypotheses related to drug-induced effects on metabolism. 

 

2.3 Results and Discussion 

2.3.1 Pharmacogenomics in the human erythrocyte 

We were interested in quantifying the number of proteins in the human erythrocyte 

metabolism that (i) are known pharmaceutical targets and (ii) have been documented with both 

disease and non-disease causing mutations (Figure 2(a)). The erythrocyte presents a valuable and 
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tractable model system for studying the effects of human genetic variation on drug metabolism. 

First, it is widely appreciated that the erythrocyte possesses drug metabolizing capabilities such 

that extracts of erythrocyte enzymes are commonly used as a general measure of enzyme activity 

[72, 73]. Second, genetic changes that occur in cells other than the erythrocyte are often manifested 

in the erythrocyte, assuming correct isoforms and similar genetic control [74-77]. The ease of 

collection of human erythrocyte samples and subsequent purification of enzymes of interest 

motivates the study of the erythrocyte as an in silico model that can be tested against. Lastly, the 

erythrocyte outnumbers any other cell type in the human body (85% of the total cell count) [78].  
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Figure 2.2. GEM-PRO and pharmacogenomics knowledgebase for the human erythrocyte. 

In a), coverage of structural and pharmacogenomics information for the human erythrocyte. The metabolic network 

is based on 346 proteins, and each narrow slice of the pie chart represents one protein. The innermost circle represents 

structural coverage by an experimental structure (dark green) or by a homology model (light green). The middle circle 

indicates if the gene is known to contain at least one disease causing SNP (dark blue), at least one missense SNV or 

SNP (blue), or no recorded SNVs/SNPs (light blue). The outermost circle includes information from various drug 

databases, and indicates if that protein is known to be a drug or drug metabolite target (dark orange) or if no drugs 

target that protein (light orange). Basic subsystems of erythrocyte metabolism are highlighted as regions of the chart. 

For a full chart of numeric counts for each category and subsystem division see Fig C in Supplemental File 2.1. In b), 

pharmacogenomics knowledge base generation. Our knowledge base includes information on: drugs or metabolites 

that are predicted to bind to/are metabolized by a protein; known associations between a drug and variation within a 

population; all variation sites that alter the sequence of the protein target. Targets are filtered into four classes based 

on if there is a protein structure available, if a SNP causes known effects on drug or metabolite catalysis or binding, 

and finally if the protein itself is important within the context of the import and export of metabolites in the erythrocyte 

from gene knockout simulations and flux variability analysis (FVA). Included at the bottom are examples of genes 

that match these classes of information. 
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Starting from the set of metabolic genes in the genome-scale model, iAB-RBC-283 [50], 

we mapped gene identifiers to cross-referenced information from dbSNP [79], OMIM [80], and 

UniProt [81]. We find that for 6800 exon coding SNPs in genes which are expressed in the 

erythrocyte, the majority (>90%) are missense SNPs as opposed to frameshift or insertion/deletion 

variations. These SNPs map to 247 of the 281 genes (88%) in the erythrocyte model. The majority 

of these annotated as “disease-causing” map to enzymes within the heme biosynthesis, glycolysis, 

and galactose metabolism pathways, which is consistent with hemolytic dysfunction. Other non-

disease causing SNPs, (or SNPs with unknown associations), occur in nucleotide metabolism. 

Harmful mutations also tend to alter the type of amino acid much more than non-disease causing 

SNPs. For instance, mutations from a hydrophobic residue to another hydrophobic residue are 

quite common, but disease causing SNPs greatly increase this type of amino acid change to a polar, 

non-polar, or positive amino acid (Fig D in Supplemental File 2.1). 

Our pipeline also identifies variants that potentially influence drug-binding capabilities of 

respective proteins. Of the metabolic proteins in the erythrocyte, 143 are found to be potential 

targets for pharmaceutical action. We find 343 drugs (approved, experimental, withdrawn drugs, 

or drug metabolites) that bind to different proteins in the model [82, 83]. In addition, mapping to 

the PharmGKB database, we find 274 deleterious SNP-drug associations, or documented adverse 

reactions (i.e., pharmaceutical complications) in patients (referred to herein as SNP-drug 

association). To summarize, our systems pharmacological database provides details on all 

documented missense SNPs in erythrocyte metabolism, whether they are causal for disease or 

cause pharmaceutical complications in a significant percentage of the human population with a 

sequence variation [71]. In addition, our dataset contains information on drug-binding capabilities 

of all proteins in the model. This combined source of information for genetic and pharmacological 
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information within the erythrocyte allows for the selection of interesting targets to further analyze 

with both molecular and systems simulations. 

2.3.2 Mapping protein structures to the metabolic network of the human erythrocyte 

To address the structural implications of changes to sequence or drug-binding capacity, we 

were interested in mapping all protein-encoding genes within the metabolic network of the 

erythrocyte to their three-dimensional (3D) macromolecular structures. Integration of protein 

structural data and GEMs has previously been described through the construction of GEnome-

scale models of Metabolism with PROtein structures (GEM-PRO). The established pipelines for 

constructing a GEM-PRO have been recently updated [27]. Applying this procedure for the human 

erythrocyte metabolic model, we start from the existing GEM, iAB-RBC-283 [50], and the final 

outcome is a mapping of all protein-encoding genes to the 3D structures of their catalyzing 

enzymes. The selected protein structures have been quality-controlled and ranked to ensure the 

highest quality structures are retained. The new GEM-PRO model, iNM-RBC-283-GP, initially 

contained structural coverage for 181 of the 346 proteins in the metabolic network (Figure 2(a)), 

and includes a total of 1766 unique PDB entries (the original GEM is comprised of 281 genes 

which encode 346 unique proteins). In addition, 312 homology models were obtained for proteins 

from existing homology model databases [84], using the I-TASSER suite of programs [14]. 

Our QC/QA pipeline identifies experimental structures and homology models that can be 

used with high confidence in molecular modeling simulations [27]. Several quality metrics are 

used to rank-order structures, including: (i) coverage of the wild-type amino acid sequence (with 

a wild-type being defined as the canonical UniProt sequence); (ii) X-ray structure resolution; (iii) 

number of missing or unresolved parts of the structure. The final QC/QA statistics indicate that 

36% of proteins in the GEM model (125/346) have high quality structural information, whereas 
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the remaining 64% (221/346 proteins) can be represented by template-based and ab initio 

generated homology models (see Fig C in Supplemental File 2.1 for detailed statistics on 

subsystem coverage). 

Interestingly, when we combine the structural data and the pharmacogenomic data, we are 

able to assess SNP data in the context of protein structural information and derive new association. 

For example, we find that, on average, disease causing SNPs are 4 Å closer to annotated enzyme 

active sites than non-disease causing SNPs. All structural annotations, mapped database 

information, and quality statistics are included as a supplementary database (Supplemental File 

2.2). 

2.3.3 Identifying signature proteins with disease phenotypes 

One of the main advantages of assembling a structural systems pharmacological dataset for 

the erythrocyte is that it can be used to address questions requiring multi-scale perspectives, such 

as “Can mutating a single amino acid in a protein influence network-level perturbations, and, 

ultimately lead to disease phenotypes?” Considering the availability of information 

(pharmacogenomic and structural) that emerged from our mapping efforts, we were interested in 

focusing on several specific cases that could be studied in greater molecular detail, using a 

combined systems and molecular modeling approach. 

To this end, we assessed the available experimental, pharmacogenomic, protein structural 

and metabolic information available for all proteins in the erythrocyte model. Given the data 

collected from publicly available datasets (described above), we classified proteins based on: (i) 

availability of experimental protein structure, drug or metabolite binding information, (ii) known 

harmful gene-drug associations and (iii) if the knockout of this gene within the context of 

erythrocyte caused significant changes in metabolite import and export (see Methods), resulting in 
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four different classes of proteins based on these criteria (Figure 2(b)). This categorization mainly 

aids in the next steps of our contributed workflow, in studying the effects of SNVs on metabolite 

and drug binding using all-atom molecular simulations. 

As shown in Figure 2(b), Class I targets have the most information available, including 3D 

protein structures (some in complex with a metabolite, drug or analogue), known drug-protein 

interactions, gene-drug associations, and clinically relevant phenotypic responses to a drug 

therapy. This group of proteins includes six proteins: catechol-O-methyltransferase (COMT), 

aldehyde dehydrogenase (ALDH3A1), adenosine deaminase (ADA), glucose-6-phosphate 

dehydrogenase (G6PD), glutathione peroxidase 1 (GPX1), and uridine 5'-monophosphate synthase 

(UMPS). Class II targets provide case-studies amenable to experimental testing SNV or drug-

induced effects. Class III & IV targets are proteins found to be important in the genome-scale 

model, but do not have other sources (structural or pharmacogenomic) of information available, 

and therefore constitute examples of where our molecular modeling framework is useful for filling 

in missing information (Table B in Supplemental File 2.2). 

Here, we focus the rest of this study on three distinctive proteins in erythrocyte metabolism 

(Figure 3): (i) catechol-O-methyltransferase (COMT), a class I protein (according to our above 

classification scheme); (ii) glucose-6-phosphate dehydrogenase (G6PD), a class I protein; (iii) 

glyceraldehyde-3-phosphate dehydrogenase (GAPDH), a class II protein. For the purpose of 

validation, we study the class I proteins, which have ample experimental, structural and 

pharmacological data associated with their roles in metabolism. To assess the predictive value of 

this workflow, we study the class II protein, a rare variant where population data was not available 

to understand the impact of documented sequence variants. Such an example serves as a 

demonstration for how this structural systems biology framework can be used in the absence of 
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experimental and pharmacological data. The targets chosen for this study and their 

pharmacogenomic importance are outlined in Table 1. 
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Figure 2.3. Protein targets studied in-depth using molecular simulations. 

a) Protein structure of COMT (WT) from PDB entry 3BWM. In orange - crystallized position of an inhibitor analog, 

dinitrocatechol (DNC). In blue, cofactors needed for catalysis, S-adenosyl-methionine (SAM) and magnesium (Mg).  

In red, the position of the SNP (contained in PDB entry 3BWY).  Zoom in - shows the active site of the enzyme with 

the crystallized DNC bound. b) Protein structure of G6PD (WT) from PDB entry 2BH9. In orange - crystallized 

position of the metabolite glucose-6-phosphate (G6P). In blue, the cofactor NADP+. In red, the position of the SNP. 

Zoom in - shows the active site of the enzyme with G6P bound. c) Protein structure of GAPDH (WT) from PDB entry 

1U8F. The orange arrow indicates the known binding site of the metabolite glyceraldehyde-3-phosphate (G3P), which 

was not crystallized in the experimental structure. In blue, the cofactor NAD+. In red, the position of the SNV. Zoom 

in - binding site interactions of G3P in E. coli structure 1DC4. 
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Table 2.1. Signature proteins that impact erythrocyte metabolism and drug-induced phenotypes. 

Gene Protein name Native 

metabolite 

Cofactors WT PDB  Mutant 

PDB  

SNP/SNV Drugs 

known to 

bind 

Number 

of exonic 

SNPs 

COMT Catechol-O- 

methyltransferase 

Dopamine, 

epinephrine, 

norepinephrine 

SAM, Mg 3BWM, 

3A7E 

3BWY Val108Met Tolcapone, 

entacapone, 

113 

G6PD Glucose-6- 

phosphate 

dehydrogenase 

Glucose 6-

phosphate 

NADP+ 2BH9 

2BHL 

Numerous Arg454His Phenobarbital 

metabolites 

206 

GAPDH Glyceraldehyde-3- 

phosphate 

dehydrogenase 

Glyceraldehyde 

3-phosphate 

NAD+ 1U8F Modeled Lys309Asn N/A 82 

 

2.3.4 Molecular effects of sequence variation in protein-drug interactions 

The next stage of our proposed workflow builds on previous methods [31, 64, 85, 86] and 

leverages systems modeling with molecular dynamics (MD) simulations. How SNPs/SNVs affect 

structure/function relationships proteins is a question that requires analysis beyond a comparison 

of crystal structures. Here, we take advantage of using an ensemble of protein conformations, 

generated from explicit solvent MD simulations, to study the effects of clinically relevant SNVs 

on drug and/or native metabolite binding (Figure 4(a)).  
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Figure 2.4. Molecular modeling framework and simulation results. 

a) Molecular modeling frameworks used for molecular simulations of metabolite and drug binding differences 

between wild-type and mutant (SNV/SNP) proteins. In the first step, docking is first carried out on experimental or 

modeled protein structures. From molecular dynamics simulations, an ensemble of structures is generated from the 

long-time sampling of conformations that cannot be studied from a single, static structure (e.g. crystallographic 

structure). These ensemble structures provide multiple thermodynamic states of the protein that enable docking and 

analysis of binding free energy estimates. The overall goal of using these molecular modeling frameworks is to 

quantify the relative differences in the binding affinity of metabolites and drugs to wild-type and mutant proteins. 

Once these differences are computed, the ratios will be used to guide systems-level simulations. b) RMSD of predicted 

ligand poses of DNC to the original crystallized position based on docking trials to only the crystal structure (blue) 

versus utilizing an ensemble of structures (green). c) Differences in binding free energies from MM-PBSA calculations 

in wild-type vs. mutant proteins. A negative value indicates a lower predicted binding free energy to the wild-type 

protein, which corresponds to a higher binding affinity. 

 

Catechol-O-methyltransferase (COMT)  

The activity of COMT in the erythrocyte, along with the inheritance of specific 

polymorphisms, is often used as a biomarker for different diseases, such as Parkinson’s disease or 

schizophrenia [87-89]. COMT plays a critical role in the degradation of catecholamines, a class of 
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chemicals that mostly function as neurotransmitters in the human body [90], making it a prime 

target for further elucidating the effects of this SNP on protein-drug interactions. Further, COMT 

plays a key role in the erythrocyte, and its relationship to pharmacogenomic implications is likely 

to be applicable in other systems in the human body [91]. Of particular interest is the missense 

mutation, Val108Met, (i.e. Val158Met in the membrane bound version; dbSNP ID rs4680), which 

may cause changes in the protein’s response to drug inhibitors [92]. While the crystallographic 

structures for both wild-type and SNP variants are available, minimal structural changes between 

the protein backbone of these two proteins are observed (i.e. they align with a 0.2 Å root mean 

squared deviation, RMSD (Fig E in Supplemental File 2.1)) [93].  

We were interested in characterizing the binding mechanism of COMT, when it is in 

complex with either its native substrates (i.e. dopamine, epinephrine, norepinephrine) or known 

inhibitors/inhibitor analogs (e.g. dinitrocatechol, tolcapone, entacapone). Flexible molecular 

docking of dinitrocatechol (DNC), which is co-crystallized in both PDB structures, to the crystal 

structures of both wild-type and SNP variants gave a RMSD of less than 1 Å (of the drug backbone 

with respect to the original co-crystallized position) (Fig F in Supplemental File 2.1). We find that 

docking without the presence of the cofactors, (i.e., S-adenosyl methionine and a magnesium ion), 

slightly increases the RMSD (by 1.5 Å) of the binding pose, as expected due to the stabilizing 

features and steric constraints of these cofactors [94, 95]. Similar to DNC, docking of the native 

metabolites to the crystallographic structures retrieved binding poses within a RMSD of 2 Å of the 

original bound position (comparing equivalent atoms of the co-crystallized inhibitor DNC) (Fig G 

in Supplemental File 2.1). The best docked poses of the two drug molecules (tolcapone and 

entacapone) were initially reported about 10 Å away from the known binding site, which motivated 
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ensemble docking of both wild-type and variant proteins to understand the conformational space 

which was not represented in the crystal structure. 

To generate an ensemble of conformations, we performed MD on both the wild-type and 

SNP variant proteins, in complex with their cofactors. We find that docking DNC to an ensemble 

of representative structures provides an increased accuracy in the final binding pose (Fig 4(B), 

COMT panel), compared to docked poses to only the single crystallographic structure, consistent 

with previous studies [96-100]. Ensemble docking of the catechol-like drugs and metabolites 

retrieved binding poses to within 5 Å of the original crystallized position in 72% of clustered 

snapshots from an MD trajectory. Furthermore, ensemble docking to wild-type COMT has a higher 

frequency of reproducing the crystallized binding orientation compared to the SNP variant (Fig H 

in Supplemental File 2.1). Following clustering of promising binding poses, we performed 

molecular dynamics for each of the proteins in the ligand-bound states and computed the free 

energy difference between the wild-type and variant proteins using MM-PBSA [101]. As shown 

in Figure 4(c), we find that for the majority of cases, the mutation V108M leads to a decreased 

affinity (i.e. an increase in relative binding free energy between wild-type and mutant protein, 

resulting in a negative ΔΔG (ΔGWT - ΔGSNP)) to a majority of the native metabolites and drug 

molecules (excluding epinephrine; see Table K in Supplemental File 2.1). These findings are 

consistent with experiments that find the SNP variant to be less stable and less active, along with 

variant human subjects that respond less to drug therapy [92, 102, 103], yet no significant 

experimental differences were found with dopamine binding to the mutant [102]. 

Glucose-6-phosphate dehydrogenase (G6PD)  

G6PD catalyzes the oxidation of glucose-6-phosphate (G6P) to 6-phospho-gluconolactone 

(6PG) within the pentose phosphate pathway, while maintaining the global concentration of 

http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1005039#pcbi-1005039-g004
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NADPH in the erythrocyte [104], required for protecting the cell from oxidative damage. There 

are more than four hundred sequence variants [105], of which many are implicated in hemolytic 

anemia and can be heavily influenced by drug side effects or a compromised immune system [106]. 

One particular missense mutation, referred to as the “Andalus” SNP (Arg454His; dbSNP ID 

rs137852324), has been classified as causing chronic nonspherocytic hemolytic anemia [107]. 

Structurally, the mutation occurs 21 Å from the substrate binding site (Figure 3(b)) and is expected 

to impact a salt bridging interaction with Asp286, potentially destabilizing the local structure of 

the protein. Notably, this arginine residue is highly conserved throughout organisms, reinforcing 

its structural and functional importance [108].  

Similar to COMT, docking trials were carried out on wild-type G6PD and SNP variant 

structures. The wild-type structure was modified to generate the SNP variant and structural 

changes resulting from the sequence change were monitored during a 100 nanosecond trajectory. 

As expected, the salt bridging interaction between the mutated residue and Asp286 was eliminated 

(Fig I in Supplemental File 2.1). We performed ensemble docking simulations of various substrates 

to representative structures from the MD trajectory and found that, in 95% of the docking trials, 

G6P binds within 5 Å of the known active site of G6PD (Figure 4(b)). Although we do not observe 

large-scale differences in the docking poses of G6P in wild-type versus SNP variant proteins (Fig 

J in Supplemental File 2.1), binding free energy calculations indicate that the SNP variant has an 

increased binding affinity to the native substrate: G6P binds to the SNP variant with a ΔΔG = 3.00 

± 0.68 kcal/mol (ΔGWT - ΔGSNP). We find that this value is consistent when comparing to higher 

accuracy methods (e.g., from thermodynamic integration (TI), we find ΔΔG = 3.59 kcal/mol) 

(Figure 4(c), G6PD panel). Experiments demonstrate that this mutation markedly increases the 

binding affinity of the native metabolite G6P in the variant while radically decreasing the overall 
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turnover rate (𝐾𝑀
𝑊𝑇  = 52 ± 4 µM, 𝐾𝑀

𝑆𝑁𝑃= 9.71 ± 0.67 µM, calculated ΔΔG = 0.99 kcal/mol) [107]. 

Additionally, we find the SNP variant to have an increased binding affinity to the product of the 

reaction, 6PG (ΔΔG = 5.81 ± 3.11 kcal/mol), and a drastically decreased binding affinity to the 

cofactor NADP+ (ΔΔG = -13.057 ± 2.58 kcal/mol) at the secondary “structural” cofactor binding 

location [106, 109]. These may also be factors that contribute to the decreased turnover rate, such 

as due to a slower product release compared to wild-type behavior or enzyme instabilities caused 

due to a lower population of bound NADP+. 

Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) 

GAPDH is an enzyme within the glycolytic pathway that catalyzes the conversion of 

glyceraldehyde 3-phosphate (G3P) to glycerate 1,3-bisphosphate, utilizing the cofactor NAD+. It 

operates as a homotetramer, and a conserved cysteine residue (Cys149) is essential for its catalytic 

function [110]. Designated in this study as a Class II pharmacogenomic enzyme, it does not have 

any recent documented variants with phenotypic data, but from HapMap population sequencing 

data, a missense mutation, Lys309Asn (dbSNP ID rs11549334) was identified and predicted (using 

PolyPhen2 and SIFT) to be deleterious and/or disruptive (Table J in Supplemental File 2.1) [111, 

112]. This mutant is found to occur 19 Å away from the binding site (Figure 3(c)). As with much 

of the sequence of GAPDH, this residue is conserved throughout eukaryotic organisms [113], and 

thus observed changes are rare and likely marked as deleterious according to these predictive 

algorithms. 

The Lys309Asn mutant structure was generated by modifying the sequence of the 

experimental wild-type structure and monitoring structural changes during a 100 nanosecond 

trajectory. In this case, ensemble docking resulted in a slight trend for more correct binding poses 

in the WT ensembles when compared to the mutant (Figure 4(b), Fig K in Supplemental File 2.1). 
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Clustering of the docked poses was carried out based on ligand-protein interactions obtained from 

literature (Table I in Supplemental File 2.1) [114-116]. Computing the free energy binding 

difference for G3P between wild-type GAPDH and mutant protein, we confirm that the wild-type 

binding affinity is stronger than that of the mutant variant (ΔΔG = -3.55 ± 0.6 kcal/mol) (Figure 

4(c), GAPDH panel). The binding of the cofactor (NAD+) was found to have similar binding 

affinities in both forms of the enzyme (ΔΔG = -0.5504 ± 1.8 kcal/mol). Due to the highly conserved 

nature of this specific residue and the suggestion of a decreased binding affinity to the native 

metabolite G3P, our predictions are consistent in that it may be a cause of enzymopathy. 

2.3.5 Systems-level effects of sequence variation related to drug responses 

While understanding protein-drug interactions provides information on how sequence 

variation changes protein structure and reactivity, evaluating the downstream effects of these 

changes requires a systems-level perspective (Figure 5(a)). Changes in metabolic networks can be 

assessed using a variety of systems methods including constraint-based and kinetic modeling 

techniques [9, 47, 117, 118]. To test the susceptibility of the metabolic network of the human 

erythrocyte to the harmful variants detailed above, we utilized both constraint-based modeling of 

the iAB-RBC-283 model [50] and a recently developed in silico kinetic rate law model derived 

from the Mass Action Stoichiometric Simulation (MASS) approach [119, 120]. For a number of 

proteins, disease causing mutations can cause systemic changes within the metabolic network or 

in the transport of certain metabolites [50, 121]. With regards to the erythrocyte, understanding 

these differences in metabolite transport can be correlated with changes in metabolite 

concentrations within biofluids, which potentially expands the use of this model as a diagnostic 

tool for human disease. Similar perturbations can also be linked to the specific phenotypic 
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responses of the erythrocyte, such as to drug treatments, or the ability to respond to changes in 

oxidative (rate of NADPH use in order to combat oxidants) or energy (rate of ATP use) load [47]. 
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Figure 2.5. Systems modeling framework and modeling results. 

a) Systems modeling framework used in this study. Inputs used for constraint-based and kinetic modeling are derived 

from molecular modeling calculations and experimental data when available. In order to understand how small-scale 

changes from enzyme variants affect the entire system, we look at the internal system changes (in reaction flux and 

metabolite concentration), differences in metabolite import & export, and how the cell handles an increase in oxidative 

or energy loads. Oxidative load is defined as the conversion of NADPH to NADP+, whose rate of reaction is increased 

under states of oxidative stress. Energy load is defined as the use of ATP. For all panels, the change in metabolic flux 

is colored by a difference from the wild-type flux state, red being a decreased flux in the mutant state and blue being 

an increased flux. b) Constraint-based modeling for the mutant COMT enzyme. The SNP is predicted to decrease the 

binding affinity of the enzyme in norepinephrine and dopamine metabolism. Increasing the KM (predicted) of COMT 

for the respective reactions leads to decreased flux and as a result decreased export of their methylated counterparts. 

Inhibitors tolcapone (TCW) and entacapone (ENT) are also predicted to have a lowered binding affinity to COMT, 

leading to similar effects. c) Kinetic modeling for the mutant G6PD enzyme. Decreases of the KM (predicted and 

experimental) and of the kcat (experimental) lead to major systemic changes of the pentose phosphate pathway and 

glycolysis. The ratio of NADPH to NADP+ greatly decreases and subsequently the oxidative load able to be handled 

also decreases. d) Kinetic modeling for the mutant GAPDH enzyme. The cell is unable to handle the predicted increase 

in KM (predicted) and results in an infeasible state of the model, corresponding to cell lysis. 
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Catechol-O-methyltransferase (COMT) 

As COMT is not present in the core erythrocyte kinetic model [119], we therefore turned 

to constraint-based modeling techniques, utilizing the entire genome-scale model of the 

erythrocyte. We used the established Markov Chain Monte Carlo-based (MCMC) sampling 

approach [122] to calculate distributions of all feasible flux states for both wild-type and SNP 

systems. Ligand binding differences between wild-type and SNP variant (computed from the 

molecular simulations) were integrated into the erythrocyte model by altering the reaction flux 

bounds, which represent the rates that metabolites flow through a reaction. We used the relative 

ratio of the binding affinity differences to effectively constrain the quantitative relationship 

between the wild-type and mutant metabolic state as well as the difference in behavior of the 

enzyme under a drug load. 

Our findings suggest significant changes in the uptake of dopamine and norepinephrine, 

and the secretion of their methylated counterparts (Figure 5(b)) as a result of the sequence variant. 

In contrast, for epinephrine, the computed binding free energy difference in wild-type and SNP 

protein was positive (i.e. it binds more strongly to the mutant), which did not influence network 

analysis of the uptake or secretion of its associated metabolites. Furthermore, the mutant COMT 

decreases the effectiveness of the drugs entacapone and tolcapone, which is again reflected by an 

increase in the secretion of the methylated metabolites when compared to the wild-type cell 

inhibited by these drugs. These findings are consistent with previous studies related to entacapone, 

which report decreased efficacy of entacapone in individuals with the SNP (Met108) [92], though 

it may be dependent on different human-specific characteristics [123] and tolcapone, which has a 

reported increased efficacy in individuals with the wild-type (Val108) [124]. These findings 

oppose the previous claim that the genotype did not contribute to the clinical response [125]. 
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Glucose-6-phosphate dehydrogenase (G6PD) 

In patients with G6PD deficiency, the most common symptom is hemolytic anemia 

resulting from the erythrocyte’s loss of ability to respond to oxidative stress. This ability can be 

measured by simulating an increase in the oxidative load within a kinetic modeling framework. 

The predicted increase in binding affinity of G6P to the mutant enzyme corresponds to the 

experimentally calculated binding affinity reported in [107]. If we assume the same catalytic rate 

(𝑘𝑐𝑎𝑡) of the reaction carried out by this enzyme, the cell’s ability to respond to an oxidative load 

does not decline. Though the ratio of NADPH to NADP+ increases, it does not lead to a significant 

increase in the oxidative load tolerated when compared to the baseline, wild-type model. 

Integrating the experimentally measured 𝑘𝑐𝑎𝑡 from [107], however, drastically reduces the ratio of 

NADPH to NADP+ and subsequently lowers the maximum tolerable oxidative load of the cell 

under stress conditions (Figure 5(c)). Incorporating these kinetic parameters within the erythrocyte 

model, we find specific systemic effects that correspond to the classification of this SNP as a 

“severe deficiency with intermittent hemolysis” by the WHO [126]. This behavior is also observed 

from constraint-based modeling after decreasing the flux through the corresponding reaction and 

induces significant changes (defined as <40% the original, wild-type flux span, see Methods) in 

the glutathione reductase pathway, which utilizes NADPH to combat oxidative stress. 

Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) 

GAPDH deficiencies in humans are rare, and mostly cause mild hemolytic anemia [127]. 

By integrating the relative change in 𝐾𝑀 of the mutant, based on binding free energy computations, 

into the erythrocyte kinetic model, we observed that this change led to lethality (Figure 5(d)). 

Smaller relative changes in the 𝐾𝑀 or 𝑘𝑐𝑎𝑡 (compared to wild-type) were not lethal and did not 

impact the ability of the erythrocyte to respond to an increase of oxidative or energy load, 



36 

suggesting that only a small degree of change in protein structure and reactivity may be tolerated. 

This finding is consistent with studies in mice where those with lower activity mutants or those 

heterozygous for a lethal mutant rarely showed symptoms, while those homozygous for a mutant 

encountered mortality at the development stage [128]. The human subject with this annotated 

variant (within the HapMap dataset) was noted as having a heterozygous form of this specific 

mutant, which would explain the non-lethality observed. It is important to note that GAPDH is 

involved in several non-metabolic processes [129], and while variation of the enzyme sequence 

may be tolerated to a certain extent, these additional processes may be impacted due to the causal 

effect of this mutation. 

2.4 Conclusion 

Here, we propose a framework for mapping protein structural information to genome-scale 

models of human erythrocyte metabolism for the characterization SNP-drug associations. Three 

case studies presented in this contribution point to the complexity of pharmacogenomic 

associations and being able to conduct integrated in silico simulations that extend from the 

molecular scale to the systems level. Using parameters from molecular simulations to guide 

genome-scale modeling, we are able to study how changes in protein structure and binding affinity 

influence the phenotypic states of an entire metabolic network. We find that the union of genome-

scale modeling and molecular, physics-based methods, presents, to the best of our knowledge, the 

first workflow capable of systematically integrating data from pharmacogenomics research, in 

conjunction with 3D high resolution protein structural information, to model changes on both the 

pathway (i.e. metabolic network) and molecular (i.e. protein) scales. The information gained 

through molecular modeling simulations can be utilized to supply parameters to both kinetic 
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models and constraint-based modeling approaches and has been found to be amenable to the study 

of other enzymopathies [47, 130]. Our findings indicate that there is consistency between 

experimental and computational trends in substrate and drug compound binding in wild-type 

versus mutant proteins. 

Currently, most systems biology approaches lack the ability to utilize insights from 

structure-based analyses related to metabolite and/or drug binding. Fortunately, atomistic 

molecular simulations have evolved to become powerful tools for the characterization of binding 

mechanisms and as such constitute valuable assets for systems modeling. Extending analysis 

beyond crystallographic structures through the use of ensemble confirmations substantially 

enhances the predictive scope of docking methods by identifying alternative binding modes for a 

drug molecule [96-100]. Ensembles of the thermodynamically accessible states of a protein, 

generated from molecular dynamics, allows for the mechanistic characterization of how sequence 

and structural variation may influence metabolite or drug binding [131].  

The scalability of this workflow is mainly limited (i) to the documentation and 

experimental analysis of exonic SNVs/SNPs, and (ii) by the execution of molecular dynamics 

simulations, which takes a significant manual effort and requires high performance computing 

resources. For the second point, certain efforts have already shown that high-throughput 

simulations using classical MD can be performed on large numbers of proteins [132, 133]. 

However, performing high accuracy computations on a systems scale is currently intractable, due 

to the intense computational and time requirements of quantum-based simulations or free energy 

calculations. Therefore, a trade-off between accuracy and cost must be considered (see Fig B in 

Supplemental File 2.1 and recent reviews on the subject [134-136]). In light of these limitations, 

we find that the additional information gained from protein structure greatly contribute to our 
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understanding of causal mutations and can assist in selecting protein targets for more detailed 

molecular studies. Thus, when combined with other developing frameworks [46] and experiments 

[137], the contributed workflow provides a first step in the translation of Big Data in the 

pharmaceutical industry to practical therapeutic applications and is expected to have a positive 

transformative impact on the fields of systems medicine, population studies and drug discovery 

efforts. 

2.5 Methods 

2.5.1 GEM-PRO construction 

The techniques used here are a consolidation of 4 previous methods to add protein 

structural information to genome-scale models [31, 32, 64, 138], and described in detail in [27]. 

To do so, the SBML model of the erythrocyte genome-scale model was first obtained from the 

BiGG Models website (http://bigg.ucsd.edu/models/iAB_RBC_283) [139], and all gene IDs were 

mapped to their corresponding amino acid sequences (UniProt and RefSeq entries). This model 

differed from the construction of previous GEM-PROs due to the appearance of protein isoforms, 

and required additional manual mapping to ensure correctness. Gene isoforms led to 

inconsistencies between database entries and additional difficulty linking to available homology 

models (discussed in the section “Homology Modeling”). Additional QC/QA steps were taken in 

order to ensure the correct sequence was being retrieved, as described below. 

Mapping to UniProt accession numbers 

For a given gene in iAB-RBC-283, there are a number of associated isoforms, annotated 

as the gene name and a isoform number, separated by a decimal (eg. "Aldoa.1"). We take the gene 

name, which is taken from the corresponding gene in Recon 2, obtain the Entrez gene ID [140], 

http://bigg.ucsd.edu/models/iAB_RBC_283
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and directly map this to its corresponding UniProt accession code (UAC). Then, we directly map 

isoform numbers to available isoforms in the UAC entry (Fig A in Supplemental File 2.1, top 

panel). These are annotated with reviewed isoform-specific sequences, allowing us to filter for the 

correct experimental PDB structure in later stages. 

Mapping to RefSeq and Ensembl identifiers 

In some cases, the number of isoform sequences annotated in iAB-RBC-283 does not 

match the number of isoforms available in UniProt. For these, we generated a separate mapping 

pipeline to the RefSeq and Ensembl databases [141]. The Bioservices Python package [42] and 

Ensembl Biomart tables [142] were used in order to first map the gene IDs without their isoform 

identifier to their corresponding entries, and then back to isoform IDs according to the transcript 

name as listed in Ensembl (see Fig A in Supplemental File 2.1, bottom panel). The information 

here was also utilized in order to cross-reference what was successfully mapped with the UniProt 

mapping service. Once the correct isoform entry was found, available PDB mappings were found 

using the entry ID (RefSeq or Ensembl Protein), or by sequence alignment to the PDB. We note 

that the difficulty in mapping isoforms and inconsistencies between databases points to a larger 

need of consistency and standardization for this biological property. 

Homology modeling 

We have filled in the gaps where there are no experimental structures by querying 

previously generated databases of I-TASSER homology models for H. sapiens [84], and manually 

generating homology models for genes that were not part of these databases [14]. The I-TASSER 

Suite version 4.4 was utilized for the construction of missing structures, and provides an especially 

useful method in modeling splice isoforms, which are specialized in the erythrocyte [143]. In the 

final GEM-PRO data frame, we note where available homology models have been mapped to their 
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respective genes. We also include additional information in the data frame that explains the type 

of computational prediction method used to model the protein structure (e.g. template-based versus 

ab initio), the corresponding URL (for downloading the homology file from the source), the label 

(i.e. the identifier of the model given by the homology model database), and information related 

to the confidence of the homology model (e.g. C-score), the native (homologous) template used 

for the model, etc. All columns added to the master data frame from this stage are preceded by a 

‘i’ for I-TASSER. It is important to note that certain PDB structures with unresolved residues or 

gaps in the structure can also be homology modeled to enhance the structural coverage of the 

amino acid sequence. Quality scores for each model are included as PSQS and PROCHECK scores 

[144, 145]. 

QC/QA procedure 

For the purpose of molecular modeling, it is important to select high-quality starting 

structures when conducting docking or molecular dynamics simulations. On a genome-scale, an 

automatic ranking system becomes a requirement if there are multiple structures or homology 

models that represent one gene. The main objective of this section is to discuss the quality 

assessment and quality control of the data that has been thus far mapped to the metabolic network 

reconstruction. In previous versions of GEM-PROs, experimental structures were additionally 

classified and ranked according to whether a protein was bound to a native metabolite or ligand, 

in order to ensure proper binding predictions. While the updated version of the GEM-PRO 

modeling framework does not include the bound state of a protein as a target characteristic in the 

quality control pipeline, this data is accessible in the knowledge base. Instead, we are mainly 

interested in quantifying the general quality attributes of the experimental structure of the protein. 
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An ideal starting platform for higher-level modeling methods are experimental protein 

structures without missing residues (especially at the interior of the protein) and 100% sequence 

identity compared to wild-type. To determine which experimental structures required further 

modeling or modification, we devised a scoring metric that ranks each PDB based on 1) the 

coverage of the wild-type amino acid sequence, 2) the resolution, and 3) the similarity of secondary 

structural features between the PDB structure and its corresponding homology model. The final 

outcome of the quality assessment is the classification of experimental structures into three groups: 

(i) high quality structures requiring no modification; (ii) high quality structures requiring minimal 

(site-directed) modification and (iii) low quality structures requiring homology modeling. For 

more information on the ranking scheme, please see Supplemental File 2.1 and [27]. All protein 

structure files following ranking and quality control are included within Supplemental File 2.3. 

2.5.2 Genetic variation, drug-target interactions, and essential genes 

Previous work was done to map data from the Online Mendelian Inheritance in Man 

(OMIM) database in order to find disease causing mutations that could map to erythrocyte proteins 

[50]. We also collected all known SNPs from dbSNP, and filtered them down to variations in exons 

that could be studied utilizing protein structure information. Information was additionally cross-

referenced with UniProt variant annotations [146]. 

There are a number of drug target databases that were queried for this study. DrugBank 

was used in a previous study to gather drug targets based on sequence [50]. In order to be as 

comprehensive as possible, we also obtained data from ChEMBL [147] and MATADOR [83], 

with MATADOR providing annotations for indirect interactions. With this, we were able to verify 

targets that appeared in all 3 databases. Drug adverse effects due to variation were mainly gathered 

from the PharmGKB, a pharmacogenomics database with information from clinical studies, 
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research articles, and individual cases [148]. The PharmGKB further annotates for the significance 

of an association, as well as details of the clinical trial or GWAS study carried out. Finally, the 

DrugBank contains a simple list of SNP-drug associations in their SNP-ADR and SNP-FX sub-

databases [82], which was cross-referenced with all information found in the PharmGKB. 

As a final source of parameters for validation of our model, experimentally determined 

kinetic values for binding of a drug or inhibitor to a target (wild-type as well as mutant) were 

obtained from BRENDA and the BindingDB [149, 150]. As expected, information for this step 

was much sparser than the previous information, which indicates the need for experimental assays 

if we are to validate the predictions made from this model. For the targets in this study, we also 

manually searched for additional information from published biochemical studies. 

Finally, for the selection of interesting targets to study with molecular and systems 

modeling techniques, we also wanted to understand the essentiality of each gene within the 

erythrocyte model. Gene knockouts were performed for each gene contained within iAB-RBC-

283, as per [50]. A gene was marked as interesting to study within the context of the erythrocyte 

if there were significant changes within the reaction fluxes of metabolite import and export through 

the membrane using flux variability analysis (FVA) simulations [151]. In order to detect these 

significant differences, all reaction fluxes were compared to the normal “wild-type” state of the 

cell. Specifically, similar procedures to Shlomi et al. and Bordbar et al. were followed [50, 121]. 

Changes in exchange fluxes were categorized into i) activation/inactivation, ii) shift to a fixed 

direction, iii) a change in magnitude of flux, or iv) no change (refer to [50], Figure 5). For changes 

in magnitude of flux, if the new flux span (defined as maximum flux - minimum flux) was less 

than 40% of the original flux span, it was considered to be a significant change. 

2.5.3 Molecular modeling and docking 
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Experimental PDB structures or homology models representing the genes of interest in this 

study were taken from the GEM-PRO data frame following ranking and QC/QA. Mutant forms of 

the enzymes were either taken directly from the PDB, if available, or modeled by point mutations 

of the structure. Next, the general approach for each target was to first understand the binding 

position and energetics of either the native metabolite or a drug of interest to a wild-type protein 

structure and its corresponding mutant. Flexible docking simulations using DOCK6 were carried 

out with default parameters and binding sites defined when known [152]. Furthermore, simulations 

were conducted with and without cofactors, to account for competitive binding drugs or cases 

where the order of substrate binding was not known. To compare flexible docking results to 

ensemble docking, simulations were repeated under different random seeds for a total of 500 

docking runs. 

2.5.4 Molecular dynamics simulations and ensemble docking 

Molecular dynamics simulations were run utilizing the PMEMD module of the AMBER14 

toolkit [153]. Initial parameterization of ligands and cofactors were carried out utilizing the 

Gaussian 09 software [154] or obtained from previously published data sets (see Supplemental 

File 2.1 for protein-specific methods and Supplemental File 2.3 for parameter sets). For generating 

topologies as input to AMBER, 99SB force field charges and atom types were then used and then 

solvated in a periodically repeated TIP3P 12 Å water box with counterions being added as needed 

(Na+ or Cl-). Minimization was carried out under constant volume conditions at while being heated 

to 300 K. Structures were then equilibrated under constant temperature and pressure conditions 

with restraints being released. Finally, the structures were run in production phase of 75 ns or more 

under a Langevin thermostat and Particle Mesh Ewald (PME) cutoff of 12 Å. 

http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1005039#pcbi.1005039.s003
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At least 4 separate MD simulations (representing WT and SNP structures in cofactor 

unbound and bound states, more for additional cofactor bound states) were carried out on each 

enzyme (see Tables D-F in Supplemental File 2.1 for all simulation information). Every 100 

frames from these trajectories were utilized as input for ensemble docking of the substrate of 

interest. 

All docked positions were clustered into 5 representative poses based on the distances from 

known binding residues. Specifically, distances from 3 known binding or interacting residues to 

the atoms of the drug or metabolite were calculated for each extracted frame, and k-means 

clustering of the Euclidean distance separated these frames into 5 distinct binding modes for use 

in further simulation. These docked positions were subject to additional MD production runs of 10 

ns each, in order to examine the stability of the bound position and if they would converge into 

one distinct pose. We conducted free energy calculations for each of the ligands in the cofactor 

bound state of the WT and SNP enzymes. MM-PBSA calculations were carried out to predict the 

difference in free energies of binding (ΔΔG). The binding energies of all 5 representative 

conformations were averaged per ligand, and the resulting value indicates if the ligand is more 

favorable to bind to WT (negative ΔΔG) or SNP (positive ΔΔG) structures. 

2.5.5 Binding energy calculations 

MM-GBSA/MM-PBSA calculations utilizing the MMPBSA.py script available in the 

AMBER14 toolkit were carried out on the 10 ns simulated receptor-ligand complexes [101]. The 

first nanosecond of simulations were discarded before running calculations to account for initial 

stabilization of the docked ligand. Thermodynamic integration (TI) calculations were calculated 

utilizing the Simulated Annealing with NMR-derived Energy Restraints (SANDER) module 

within AMBER14 [155]. The dual topology paradigm was utilized with a three step alchemical 
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transformation, with state 0 representing a wild-type enzyme and state 1 the mutant form. Step 1 

carried out the decharging of the WT utilizing 10 λ points and simulations of 1 ns each. Step 2 

transformed the residue atoms of the WT to the SNP again utilizing 10 λ points and simulations of 

1 ns each. Step 3 carried out the recharging of the mutant residue atoms with the same number of 

λ points and simulation time. This was run for both ligand bound and unbound states. Finally, the 

change in potential energy of the system with ligand bound was calculated by integration over the 

λ points and subtracted from the ligand unbound state. For full information on docking, MD, MM-

PBSA, and TI parameters, please refer to the section entitled “Molecular modeling simulations” 

in Supplemental File 2.1. 

2.5.6 Systems modeling 

The constraint-based modeling approach was carried out for all enzymes in this study by 

simulating a normal (wild-type) and perturbed (mutant) erythrocyte condition utilizing FVA 

followed by a Markov chain Monte Carlo (MCMC) based sampling approach [122, 130, 156]. 

Previous simulations for identifying biomarkers have simulated perturbed states by setting the 

upper and lower bounds of flux through affected enzymes of the cell to 0, effectively mirroring a 

full gene inhibition, and then analyzing the exchange conditions [50, 121]. For the purposes of this 

study, we are now able to understand the relative differences in native metabolite catalysis utilizing 

the ratio of differences in the binding affinity between wild-type and mutant forms of the enzymes. 

This ratio was then converted into a ratio of flux in wild-type to mutant enzymes, assuming equal 

concentration of substrate and enzyme (see Equation S3). From this, the determined normal wild-

type minimum and maximum fluxes through the corresponding reaction were adjusted to a 

perturbed mutant state, and both FVA and MCMC simulations were then run with the goal of 

analyzing 1) the flux differences through the exchange reactions (import/export of metabolites) of 
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the erythrocyte (as described above in the section “Genetic variation, drug-target interactions, and 

essential genes”) and 2) significant flux shifts within the internal network. In this way, hypotheses 

for the altered phenotypic state of the erythrocyte and its impact on the body could be deduced 

based on the differences of uptake or secretion of metabolites or large-scale internal network 

changes. For MCMC simulations, significant shifts in the distribution of fluxes were considered 

(p-value < 0.05). Additional information on MCMC sampling is included in the section entitled 

“Systems modeling” in Supplemental File 2.1. 

With the kinetic rate law model, we are able to directly integrate the predicted 𝐾𝑚 and 

experimental 𝑘𝑐𝑎𝑡 values as well as simulate the cell under oxidative or energy load conditions. 

This detailed model was utilized for the simulations of normal and perturbed G6PD and GAPDH 

enzymes. Simulation of COMT within the kinetic model was not available due to the current model 

being limited to core metabolic enzymes. We utilize the model to also understand the erythrocyte’s 

capability to withstand oxidative stress or increased energy needs and compare wild-type to mutant 

states. Oxidative stress is simulated as an increase in the rate of NADPH usage, to mirror the fact 

that a cell under stress requires NADPH to neutralize reactive oxygen species. Energy load is 

simulated as an increase in the rate of ATP usage. The normal, wild-type cell was first simulated 

and the maximum oxidative and energy loads were determined for comparison to the mutant state. 

Integration of the predicted 𝐾𝑀 without any change in 𝑘𝑐𝑎𝑡 was then simulated for the mutant state, 

to understand if only changes in binding affinity led to a change in maximum tolerable oxidative 

or energetic load. Finally, changes from predicted 𝐾𝑀, experimental 𝐾𝑀, and experimental 𝑘𝑐𝑎𝑡 

were fully integrated to investigate the model’s accuracy to the known phenotype. 

2.6 Supplemental Files 
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Supplemental File 2.1. Expanded methods and results text and figures detailing GEM-PRO 

construction, molecular modeling simulations, and systems modeling. 

Supplemental File 2.2. GEM-PRO of the human erythrocyte and related pharmacogenomics files. 

Supplemental File 2.3. Parameters used in molecular modeling simulations. 
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Chapter 3. 

Systems Biology of the Structural Proteome 

3.1 Abstract 

The success of genome-scale models (GEMs) can be attributed to the high-quality, bottom-

up reconstructions of metabolic, protein synthesis, and transcriptional regulatory networks on an 

organism-specific basis. Such reconstructions are biochemically, genetically, and genomically 

structured knowledge bases that can be converted into a mathematical format to enable a myriad 

of computational biological studies. In recent years, genome-scale reconstructions have been 

extended to include protein structural information, which has opened up new vistas in systems 

biology research and empowered applications in structural systems biology and systems 

pharmacology. 

Here, we present the generation, application, and dissemination of a genome-scale model 

with protein structures (GEM-PRO) for Escherichia coli and Thermotoga maritima. We show the 

utility of integrating molecular scale analyses with systems biology approaches by discussing 

several comparative analyses on the temperature dependence of growth, the distribution of protein 

fold families, substrate specificity, and characteristic features of whole cell proteomes. Finally, to 

aid in the grand challenge of big data to knowledge, we provide several explicit tutorials of how 

protein-related information can be linked to genome-scale models in a public GitHub repository 

(https://github.com/SBRG/GEMPro/tree/master/GEMPro_recon/).  

Translating genome-scale, protein-related information to structured data in the format of a 

GEM provides a direct mapping of gene to gene-product to protein structure to biochemical 
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reaction to network states to phenotypic function. Integration of molecular-level details of 

individual proteins, such as their physical, chemical, and structural properties, further expands the 

description of biochemical network-level properties, and can ultimately influence how to model 

and predict whole cell phenotypes as well as perform comparative systems biology approaches to 

study differences between organisms. GEM-PRO offers insight into the physical embodiment of 

an organism’s genotype, and its use in this comparative framework enables exploration of adaptive 

strategies for these organisms and opens the door to many new lines of research. With these 

provided tools, tutorials, and background, the reader will be in a position to run GEM-PRO for 

their own purposes. 

3.2 Background 

The success of genome-scale modeling can be attributed to high-quality, bottom-up 

reconstructions of metabolic, protein synthesis, and transcriptional regulatory networks on an 

organism-specific basis [157-160]. Such network reconstructions are biochemically, genetically, 

and genomically (BiGG) structured knowledge bases (or k-bases) [161] that can be used for 

discovery purposes (such as model-driven discovery of unidentified metabolic reactions [162], 

studies of evolutionary processes [28], and analysis of biological network properties), as well as 

practical applications (such as metabolic engineering, prediction of cellular phenotypes [163], and 

interspecies similarities and differences). Others have explored host/pathogen interactions [164], 

cocultures and microbial communities [165-168], ecology [169], and chemotaxis [170]. Numerous 

recent developments have broadened the predictive scope of genome-scale models by 

incorporating other sources of biological data, such as protein structural data, into reconstructions 

[28, 31, 32].  
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Figure 3.1. Structural systems biology emerges from the integration of networks and structural biology. 

Genome-scale models incorporate multi-omic data and large-scale curation from databases such as KEGG and 

UniProt. Molecular-level analyses enable atomic-level characterizations of secondary structure, substrate binding, and 

comparisons of similar catalytic sites among proteins in the metabolic network. 

 

The complementarity of molecular-level and systems-level data types has led to the 

integration of protein structurally-derived data into genome-scale models. Using genome-scale 

models of metabolism (GEMs), we link metabolic enzyme activities to characteristics of observed 

phenotypes, whereas using structural biology, we link molecular interaction details (e.g., protein-

ligand binding) to the activities of enzymes. The genome-scale models with protein structures 

(GEM-PRO) framework, therefore, gives a direct mapping of gene to transcript, to protein 

structure, to biochemical reaction, to network states, and finally to phenotype (Figure 1). 

Understanding the structural properties of proteins as well as their respective ligand binding events 

(e.g., metabolite, drug or oncometabolite) enables the characterization of molecular-level events 

that trigger changes in states of an entire network. Such a multi-scale approach acts as bridge 

between systems biology and structural biology, two scientific disciplines that, when combined, 

become the emerging field of structural systems biology [1, 171-174]. This union has brought 

about exciting advances, which would have otherwise been out of reach: the evolution of fold 
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families in metabolism [28], identification of causal off target actions of drugs [31], identification 

of protein-protein interactions [175, 176], and determination of causal mutations for disease 

susceptibility [176, 177].  

In recent years, the number of publicly available biological macromolecules has grown to 

more than 110,000 entries, and continues to increase yearly by roughly 10% [178]. The increasing 

availability of protein structural data brings about a number of implications for GEM-PRO models. 

First, to keep pace with the deluge of protein data coming from experiments, there is a developing 

need for pipelines that use systematic mapping and quality assurance processes to read, filter, and 

process all newly deposited structures, ultimately managing all relevant data in an easy-to-use 

knowledgebase. Second, increasingly accessible protein structural data enhances the predictive 

scope of systems biology research; the more description we have of the biological components 

involved in complex systems, the more we can understand cellular processes that span a wide 

range of biological, chemical, and structural detail. Expanding these models would allow for the 

progressive description from a 1 to a 2- to a 3-D view of biology. Finally, to aid in the 

dissemination and further development of these resources, growing datasets and pipelines should 

be developed together with in silico tools that increase data accessibility and training.  

Here, we address each of the above implications and demonstrate how linking protein 

structural data to GEMs enables the generation, dissemination, and application of GEM-PRO for 

studying two contemporary organisms, T. maritima and E. coli. For the generation and updating 

of GEM-PRO, we present a novel pipeline that systematically maps genes in a metabolic model to 

their respective high-quality structural data. We present four novel applications areas which 

demonstrate the utility of modeling at the intersection of systems and structural biology: (i) 

metabolic protein specificity; (ii) the relationship between protein complex stoichiometry and in 
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vivo protein abundance; (iii) the diversity of bacterial proteomes; (iv) protein properties of growth 

rate-limiting reactions at high temperatures. Finally, for dissemination and training purposes, we 

distribute the GEM-PRO knowledgebase together with tutorials, which explicitly describe how 

GEM-PRO can address the following questions: (i) How are protein fold families distributed over 

metabolism? (ii) How does temperature, and hence protein instability, determine growth rate? 

3.3 Results and Discussion 

3.3.1 Generation and updating of GEM-PRO using a systematic pipeline 

As with metabolic network reconstructions [157], structural proteome reconstructions 

require constant curation and updating to incorporate newly deposited experimental protein 

structures. For example, over the course of two years, the number of available experimentally 

determined protein structures for E. coli has increased substantially (since 2013, 356 additional 

experimental E. coli protein structures can be linked to genes in the metabolic network model, 

iJO1366 [179]) and the structural coverage of genes in the model has increased by 10% (133 

genes). In this section, we describe the construction of a quality assessment pipeline which enables 

newly deposited crystallographic or NMR structures to be searched, assessed, and managed within 

a structured k-base. In total, 2 person-hours are required by this workflow, once all homology 

models have been constructed for proteins without available crystallographic structures. Time and 

computational requirements for homology modeling are discussed in the I-TASSER pipeline [14]. 

The workflow discussed here can be carried out with no specific hardware requirements, and 

software requirements are outlined within the tutorial notebooks. 
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Figure 3.2. New GEM-PRO models for T. maritima and E. coli. 

(a) The new GEM-PRO model for T. maritima (TM). Displayed in the pie chart on the left is the coverage of genes 

by a PDB structure or homology model, and a comparison of those structures available in 2009 versus 2015. In the 

pie chart on the right, the available PDB structures are further classified into three groups based on the overall quality 

of the structure: (i) high quality structures that have no mutations in the interior of the protein (112 genes involved in 

210 reactions; in green); (ii) high quality structures that have some mutations and require minimal modification to 

revert back to wildtype sequence (24 genes involved in 49 reactions; in dashed green) and low quality structures (13 

genes involved in 20 reactions; dashed green/blue) that may have large gaps of unresolved sections of the protein or 

a large number of mutations at the interior of the protein and require further homology modeling (in blue). Determining 

the quality of a PDB is explained in detail in the section entitled Quality control and quality assessment of all 

structures. The same quality assessment evaluations were carried out for E. coli in (b). 

 

Coverage of protein structures in metabolism 

We find that the coverage of all experimental (X-ray crystallography and NMR) protein 

structures (PDB) for genes in T. maritima and E. coli is between 30-45%, which is 6-10% higher 

compared to the original GEM-PRO reconstructions (Figure 2). The updated GEM-PROs for T. 
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maritima (iBM478-GP) and E. coli (iBM1366-GP) include 336 and 3425 PDB structures, 

respectively, an additional 5-10% of newly deposited protein structures compared to the original 

versions (see inner versus outer nested pie chart in Figure 2). Of the newly deposited protein 

structures, the majority are linked to subsystems in metabolism with a higher coverage of protein 

structures compared to others (e.g., alanine and aspartate metabolism, see Figure 3). 

As shown in Figure 2, nearly 56-69% of genes in the GEMs cannot be mapped to available 

experimental protein structural information. To a large extent, the 3D structure of a protein can be 

estimated from homology modeling, which predicts structure based on experimental templates of 

proteins that are homologous in sequence to the protein of interest. Here, we selected the I-

TASSER (iterative threading assembly refinement) suite of programs [180, 181], which has been 

the highest ranking program for automated protein structure prediction for the the past two CASP 

experiments [181-184]. Mapping the E. coli model to available I-TASSER homology models [176, 

185, 186], we find that the coverage is nearly complete for its metabolic proteome (1343 genes 

have available template-based homology models and 23 have ab initio models [185]). For T. 

maritima, we have manually performed homology modeling using the I-TASSER protocol to 

generate models for a total of 333 genes lacking experimental protein structure information. We 

find that the updated GEM-PRO models make use of over 100 recently deposited (and higher 

quality) experimental structures compared to the previous models. 
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Figure 3.3. All available PDB structures mapped to the network of E. coli metabolism (iJO1366 model). 

The heat map indicates an increase in the number of available experimental protein structures that map to a given 

reaction in the pathway (grey to blue to red transitions represents 0 to more than 10 PDB structures). Subsystems such 

as glycolysis and TCA are highlighted by the colored grey squares and transporters by transparent rectangles with 

grey borders. The largest increase in coverage in subsystems involved in alanine and aspartate metabolism, glycolysis 

and gluconeogenesis, folate metabolism, cysteine metabolism, the citric acid cycle, arginine and proline metabolism, 

tRNA charging, and nitrogen metabolism. 

 

Quality of experimental and homology-based structures 

In many cases, experimental protein structures may contain unresolved fragments of the 

protein or mutations in the sequence (often as artifacts or the result of a crystallization protocol or 

due to natural disorder). Small variations in sequence can have large-scale effects on the structure 

and function of proteins. Thus, we perform a rigorous assessment of the quality of all structural 

data for each model organism. To determine which experimental structures require further 

modeling (e.g., group iii proteins, displayed in Figure 2 (a) and (b)) or minimal modification (e.g., 
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group ii proteins, displayed in Figure 2 (a) and (b)), we devised a scoring metric that ranks each 

PDB structure based on a set of criteria: the maximum coverage of the wild-type amino acid 

sequence, PDB resolution, and minimal number of missing or unresolved parts of the structure 

(Figure 4(b)).  

 

 

Figure 3.4. Workflow for generating simulation-ready models of all proteins in metabolism. 

(a) The first stage involves mapping the genes of the organism to available crystallographic and NMR protein 

structures, found in the Protein Data Bank (PDB). The second stage performs homology modeling for genes without 

available structures. The third stage performs ranking and filtering of structures and homology models for each gene 

based on set selection criteria (e.g., SSI, Sres and Scomp). These criteria refer to a scoring metric that ranks a PDB 

structure based on sequence identity (SSI), resolution (Sres), or homology model based on the similarity in secondary 

structure composition (Scomp) compared to the structure. As shown in (b), evaluation of the sequence identity between 

the protein structure sequence and that of the wild-type sequence and PDB resolution (in Å) allows filtering of low-

quality structures. In the final stage, all high quality PDB files that require minimal modification (e.g., reversion of 

the sequence to match that of the wild-type) are further refined, as depicted in (c) 
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In the previous E. coli GEM-PRO, 43% of all proteins contained unresolved fragments. 

After carrying out the QC/QA pipeline, we correct for all cases and provide 100% complete (gap-

less) and sequence identical structures of proteins. To further assess the quality of protein 

structures in the updated GEM-PRO, we have evaluated all structures using PROCHECK [187], 

which assesses the stereochemical quality of a protein structure, and PSQS (based on statistical 

potentials of the mean force between residue pairs and between solvent and residue) [188]. While 

the average quality scores for all protein structures in the updated versions of GEM-PRO are 

similar to those of previous versions, the completeness of all structural models in the updated 

GEM-PROs substantially enhances the quality of the structures in the model and their capacity for 

future applications.  

Structural and sequence refinement of structures 

The final step in the workflow (Figure 4 (c)) carries out minimal sequence modifications 

of nearly perfect, high-quality experimental structures (e.g., group ii proteins, displayed in Figure 

2 (a) and (b)). Modifications of this set of structures are mainly needed to fix: (i) a minimal number 

of single-residue mutations (i.e., not more than two sequential mutations); or (ii) a minimal number 

of deletions or missing residues in the interior of the protein. This final step enables one of the 

most considerable improvements in the updated GEM-PRO framework, providing a complete set 

of minimally modified experimental structures that have 100% sequence identity to wild-type 

sequence. Using our PDB refinement pipeline (Figure 5), we find that 16% (24/136) and 23% 

(136/490) of experimental protein structures in the GEM-PRO of T. maritima and E. coli, 

respectively, require minimal modifications to revert the PDB sequence to the wild-type sequence. 

See Table 1 for details on average sequence identity and completeness. 
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Table 3.1. Quality statistics of all available protein structures in GEM-PRO models. 

Mean sequence identity, completeness, and resolution refers to the average of the three metrics over all experimental 

protein structures in GEM-PRO. The standard deviation is given for each metric. Mean sequence identity refers to 

exact amino acid matches between sequence and structure, while mean completeness disregards exact matches. 

 

Property T. maritima E. coli 

Mean Sequence Identity 92.1 ± 15.8% 91.8 ± 16.4% 

Mean Completeness 92.3 ± 15.5% 91.9 ± 16.1% 

Mean Resolution 2.2 ± 0.5 Å 2.3 ± 1.0 Å 

 

  



59 

 

Figure 3.5. Final stage of refinement in the GEM-PRO pipeline. 

This workflow demonstrates the final stage of refinement for PDB structures, performed to replace atomic coordinates 

of atoms in a mutated residue with atomic coordinates corresponding to the wild-type residue. Using a combination 

of Biopython modules and the AMBER suite of programs, each PDB structure is modified and the final structure is 

minimized. For example, an original crystal structure and its wild-type sequence differ by two residues (Glu115His 

and Glu131Gln). The modified structure is reverted back to the original wild-type sequence in three stages: (i) all 

atoms in the Rgroup of the target amino acid (except for the peptide backbone atoms) are stripped from the file; (ii) 

new atoms with their respective 3D atomic coordinates are placed in the “empty” amino acid ‘site’ (e.g., the R-group 

atoms of Glu); (iii) the modified structure undergoes energy minimization using a steepest descent algorithm to relieve 

any bad contacts (i.e., steric hindrance) that may be caused by the addition of new atoms 
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Final outcome of mapping protein structures to genome-scale data 

The overall coverage and quality of the selected experimental and homology-based 

structures for each organism is detailed in Table 2. This database increases the scope and capacity 

of genome-scale models when applied within a model and data-driven workflow. As shown in 

Figure 6 (a), the combination of protein data (e.g. melting temperature) and a genome-scale model 

of metabolism can be used to predict the effect of temperature on the growth rate of a model 

organism. These in silico findings can then be tested with experiments to provide input into the 

next round of this iterative workflow. 

Table 3.2. Quality statistics of GEM-PRO models. 
anumber of total genes with PDB structures (includes minimally modified) after QC/QA; bnumber of total genes with 

homology models. Note that there may be overlap between PDB and homology model coverage; cmean quality score 

of PDB structures in the GEM-PRO model for all available PDB structures. In parentheses are the subset of “best 

representative structures” for all metabolic gene (as ranked by the QC/QA pipeline), scaled (0, 1] where 0 is low 

quality and 1 is the highest quality; dmean quality score of the homology models taken from the I-TASSER TM-score 

metric, is the range [0,1] with a value >0.5 implying correct topology of the model. 

 

Model 
PDB 

coveragea 

Homology 

model coverageb 

PDB quality 

scorec 

Homology model 

quality (TM-score)d 

T. maritima 136/478 342 0.82 (0.86) 0.79 

E. coli 490/1366 1366 0.77 (0.95) 0.82 
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Figure 3.6. Storing GEM-PRO in a computable format. 

(a) The master GEM-PRO data frame which stores various protein-related properties for a specified organism. (b) A 

proposed data workflow, in which a genome-scale model is integrated with protein structural information, thus 

forming a GEM-PRO which can then be mapped to other data types, such as melting point temperatures, and can 

subsequently be applied to genome-scale applications, such as predicting growth rate of E. coli at different 

temperatures. Finally, these in silico predictions are compared to experiments for validation 

 

3.3.2 Modeling at the intersection of systems and structural biology 

Once a GEM-PRO database has been constructed, it can be queried and used in conjunction 

with experimental data and genome-scale modeling approaches to understand the nature of the 

underlying biology. Here, we present four novel case studies which demonstrate how properties 

derived from the structures of proteins determine systems-level behavior. 

Characterizing the degree of diversity in substrate specificity of metabolic proteins  

Evaluating protein structural properties together with their binding capacities provides 

insight into structure-function relationships of isozymes and proteins that catalyze similar 

reactions. We are interested in using GEM-PRO to formulate hypotheses about which proteins are 
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most likely to act promiscuously on substrates other than their native one (i.e. substrate ambiguity). 

Assessing the degree of substrate ambiguity with EC numbers has been explored through 

evaluation of fourth digit of the enzyme commission number (e.g. 2.6.1.X) [189]. Here, we a 

different approach, we apply GEM-PRO to evaluate the degree of diversity in the 

substrates/ligands bound to crystallized proteins within various EC families.  

Many enzymes in the transaminase family are known to be capable of dual substrate 

recognition [190, 191]. Querying GEM-PRO, we find that aspartate aminotransferase, aspC 

(2.6.1.1), and tyrosine aminotransferase, tyrB (2.6.1.57), are both pyridoxal 5' phosphate (PLP)-

dependent enzymes, share a common Pfam (PF00155; Figure 7 (b)) and structurally align to give 

a high overlap of the substrate and cofactor binding sites. Structural properties such as these have 

been used to generate hypotheses about possible “underground” activities of enzymes, and some 

have been recently validated in vivo using an isozyme discovery workflow [162]. Extending the 

above analysis to the entire proteome, we are interested in addressing the question: “What is the 

degree of substrate specificity of proteins in a metabolic network?” Using the metabolic network 

models of E. coli and T. maritima, we find that both organisms have a subset of multi-functionality 

genes (i.e. genes that can catalyze more than one reaction); in E. coli, 4.4% (60) of metabolic genes 

are involved in multiple enzymatic complexes and in T. maritima, over 19% (90) are multi-

functional. Although T. maritima has a higher degree of multifunctional peptides, the number of 

reactions with isozymes is consistent with that of E. coli (~30%).  
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Figure 3.7. New structural systems biology applications using GEM-PRO. 

(a) The counts of different ligands from the Ligand Expo database (PDB) that are bound to holoenzyme protein 

structures in the E. coli GEM-PRO model and are linked to catalytic metabolic reactions. (b) An example of a highly 

promiscuous family of enzymes, transaminases, which have been shown to rescue the activity of another protein when 

its respective gene has been knocked out. Pfam refers to shared protein fold family, '% id' refers to percent sequence 

identity, and '% align' refers to the 3D structural alignment of the two proteins. The plot in (c) demonstrates how the 

GEM-PRO model can be combined with experimental data, such as ribosomal profiling, to predict the in vivo 

abundance of proteins and their complex stoichiometry. The example shown here is that of ATP synthase, which 

indicates a high overlap between the complex stoichiometry stored in GEM-PRO and an experimental measurement 

 

Protein structures of holoenzymes (i.e. proteins co-crystallized with cofactors or 

substrates/analogs) also provide a wealth of information on different protein-ligand interactions, 

as they can be directly compared to existing enzyme-substrate interactions in the metabolic 

network. We analyzed proteins bound to a representative set of compounds present in metabolism 

(e.g., not bound to glycerol, non-catalytic water molecules, or other types of detergents). To filter 

the large majority of these cases from the dataset, we classified the types of ligands bound to 

protein structures, which clusters ligands using a fast heuristic graph-matching algorithm [192, 

193]. The type of ligand bound to a protein structure is grouped into different superclasses (e.g. 
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lipids, amino acids, sugars, antibiotics), by comparing discriminating factors, such as the atom 

element, chirality, valence, and/or bond order [192]. After filtering the ligands into metabolic (and 

non-metabolic) superclasses, we find 39% of the total genes in the E. coli GEM-PRO model are 

representative holoenzymes (26% of T. maritima genes). Surprisingly, we observe a large amount 

of metabolite binding versatility in E. coli, as 50% of holoenzymes are experimentally shown to 

bind more than six different ligands (i.e., in different crystallographic structures of the same 

protein, see Figure 7 (a)). Each metabolite was described (according to its metabolite fingerprint 

similarity using Tanimoto coefficients [194]) and these coefficients were compared across the set 

of ligands bound to a given protein to determine the degree of variation in substrate specificity. 

We find that certain classes of enzymes, such as transferases (EC 2.-.-.-.), are only bound to very 

similar metabolites (which consistent between E. coli and T. maritima), whereas lyases (EC 4.-.-.-

.), are bound to the most structurally diverse set of substrates. 

Protein complex stoichiometry predicts in vivo enzyme abundances 

Does protein complex stoichiometry determine in vivo enzyme abundance? Previous work 

using ribosome profiling techniques revealed that multiprotein complexes have proportional 

synthesis rates [195]. This is both interesting and important because catalysis or activation of 

proteins is dependent on the proper complex formation of a specific number of homo- or hetero- 

subunits. Here, we apply a complementary approach, using genome-scale modeling of metabolism 

in conjunction with ribosome profiling data to identify which protein abundances are constrained 

by complex stoichiometry and which have higher free protein abundances. 

Information about the stoichiometry (or ratio) of genes in the respective enzyme complex 

(and its functional properties) is found in organismal [196, 197] or protein databases [198] and can 

be directly incorporated into GEMs (e.g., in the annotated gene-protein-reactions, or GPRs). GPRs 
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link a set of genes to the metabolic enzyme to the catalyzed reaction, providing a starting point for 

the reconstruction of enzyme complex stoichiometry. In this section, we discuss how to predict 

enzyme abundances, identify peptides that are not expressed stoichiometrically, and predict the 

partitioning of peptides across the multiple complexes to which it belongs. To associate the 

metabolic reactions with structures of their catalyzing enzymes, we integrated GEM-PRO together 

with the genome-scale models of metabolism and expression (ME-model) for E. coli [199]. The 

coverage of complex stoichiometry is relatively complete (95%). We find that the majority of 

metabolic enzymes are homomers (90.3%), for which, we see a strong preference for even 

stoichiometry. This is consistent with general trends among homomeric complexes towards even 

stoichiometry, and has been explained based on the ability of complexes with even stoichiometry 

to form complexes with dihedral symmetry as well as rotational symmetry [200]. Furthermore, we 

find that 4.4% (60) of metabolic genes are involved in multiple enzymatic complexes and 30% of 

reactions are catalyzed by isozymes. 

Coupling information from genome-scale reconstructions, known enzyme complex 

stoichiometry, and ribosomal profiling data, we can predict in vivo protein abundance in E. coli. 

As depicted in Figure 7 (c), this novel framework can be applied to identify and predict protein 

complex stoichiometry [195, 201]. As illustrated in the Supplementary IPython notebook, 

"Complex_Stoichiometry.ipynb" (available in the online resource), protein complex stoichiometry 

can be converted into a computable (mathematical) format for validation with experimental 

ribosomal profiling data [195, 202]. A protein stoichiometric matrix is assembled in which the 

rows represent proteins, the columns represent enzymes, and the entries indicate the stoichiometry 

of the protein within the enzyme (akin to a stoichiometric matrix of metabolism, used in GEMs 

[161]). This matrix, combined with quantitative data on protein expression [203, 204], can then be 

https://github.com/SBRG/GEMPro/tree/master/GEMPro_recon/
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used to determine feasible enzyme (and free peptide) abundances using constraint-based modeling 

methods [117] and available software [205, 206]. We find that the maximal and minimal enzyme 

abundances, computed using flux variability analysis (assuming free peptide abundance are 

minimized) indicate that enzyme abundances are quite constrained by stoichiometry alone. 

Interestingly, we find that many of the proteins with the largest free abundances are periplasmic 

substrate binding proteins. These proteins are not always in complex with the transporter protein 

itself and, therefore, are not produced stoichiometrically with the rest of the transporter complex, 

making their abundances less constrained. 

Comparative systems biology of different bacterial proteomes 

To date, there has been a great deal of attention placed on understanding the genetic 

differences between T. maritima and other Eubacteria [207-213]. Whole-genome similarity 

comparisons indicate that T. maritima is the most Archaea-like organism compared to other 

eubacterial species [207-213], with 24% of genes appearing to be more closely related to archaeal 

genes [213, 214]. Less attention, however, has been focused on characterizing the differences 

between proteomes of species. Of the studies that evaluate protein-level differences, many have 

focused on families of proteins [215, 216], and few have focused on comparing proteins that span 

across entire metabolic networks. The novelty of using GEM-PRO for comparative studies is the 

ability to map genes to their gene products (proteins) to the reactions they catalyze within a single 

database. Such a mapping allows for high-level structural comparisons of functionally relevant 

sets of genes: homologous genes, genes that catalyze more than one reaction (i.e. promiscuous), 

genes that catalyze similar reactions (i.e. isozymes) and genes with high sequence or structural 

similarity. Here, we apply GEM-PRO to address the question, “How different are bacterial 

proteomes and what are the main properties that distinguish them?” 
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The first notable difference, when comparing GEM-PROs of E. coli and T. maritima, is the 

spread of molecular motifs across metabolic proteins, which greatly distinguishes the two 

proteomes from one another. We used the Flexible structure AlignmenT by Chaining AFPs 

(Aligned Fragment Pairs) with Twists (FATCAT) [25] algorithm to detect all of the aligned 

fragment pairs (AFPs), based on previous PDB-wide alignment of representative protein domains 

[217]. The observed AFPs are regions of a protein that cluster based on similarities in local 

geometry and take into consideration protein flexibility by clustering regions of the protein that 

can undergo different geometric transformations. Considering all proteins in both the E. coli and 

T. maritima GEM-PRO models, we found a total of 874 and 197 unique domains (according to 

SCOP or PDB-based annotations), respectively, which span the whole of metabolism (i.e. 1819 

total protein structures). We find that 36 domains are shared between T. maritima and E. coli. 

Furthermore, comparing the distribution of complex stoichiometry between E. coli and T. 

maritima, we find that for both organisms, the majority of metabolic enzymes are homomers 

(90.3% and 71.1%, respectively).  

To understand whether the properties of entire proteomes are distinguishable between 

organisms, we carried out PCA on 29 computed secondary structural properties (see Figure 8 (a)). 

The projections of the first two principal components explain 60% of the normalized property 

distribution. Using K-means clustering, we find that protein properties separate into four discrete 

clusters (based on the percent variance within clusters). The main difference between the clusters 

of proteins is the percent composition of secondary structural elements, such as 𝛼-helical and 𝛽-

extended strand, solvent-accessible surface area and percentage of charged residues (Figure 8 (b)). 

For example, in one cluster (‘1’), 64.7% of amino acids are found in 𝛼-helices. A correlation 

matrix derived from the properties of proteins in this cluster indicates that the majority of residues 



68 

found in 𝛼-helices also have higher percentages of hydrophobic content while other residues found 

in 𝛽strands are highly charged. The majority (155 out of 247) of this cluster of proteins are 

membrane-bound proteins, which are known to have distinguishing exterior domains [218, 219], 

and correlate based on a preference for 𝛼-helices and a neutral surface charge, compared to those 

proteins in other clusters.  

As illustrated in Figure 8 (c), the percentage of the proteome in each of the four clusters 

differs between organisms; certain clusters are present (or enriched) in only one of the organisms 

(such as cluster 0 for E. coli and cluster 2 for T. maritima). Comparing the unique aspects of 

proteins within each of the clusters, we find that certain characteristic features distinguish proteins 

based on their metabolic roles as well as based on which organism they belong to. For most 

clusters, proteins belong to a single (or a select few) subsystem(s), which suggests that these 

features may play a role in self assembly and cellular localization. For example, comparing the 

second and third clusters (1 and 2), many of the members (over 70%) function as transport proteins 

versus alternative carbon metabolism and cofactor biosynthesis (33%). For differences between 

proteomes, we find that the first cluster (0) consists of only E. coli proteins (Figure 8 (c)), which 

are enriched in surface-exposed residues and tend to be polar or positively charged (Figure 8 (b)). 

However, in the third cluster (2), we find an increased number of thermophilic proteins compared 

to the number of mesophilic proteins with a higher degree of buried, nonpolar residues, and are 

less polar and solvent accessible. This is consistent with what is generally known about protein 

stability [220], such as those dominated by forces that drive protein folding (e.g. the burial of 

nonpolar groups, increased number of hydrophobic interactions and decreased solvent 

accessibility).  
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Figure 3.8. Distinguishing properties of entire proteomes. 

In (a), K-means clustering of all E. coli and T. maritima protein structural properties (29 features, including SASA, 

percent polar, nonpolar, buried, surface, charged residues and others). The K-means clustering algorithm clusters all 

proteins into four distinct clusters (based on the percent variance explained per cluster using the elbow method, see 

Additional file 1). Interestingly, metabolic subsystems in E. coli show distinct structural characteristics in their 

respective proteins. The subsystem with the most proteins in a given cluster is reported. In (b), we report the main 

structural characteristics that distinguish proteins across clusters. The numbers represent averaged scaled property 

values across all proteins within a given cluster (see Additional file 1). The property values generally represent the 

percentage of the protein that is described by a given property (e.g., percentage of the protein which is nonpolar). In 

(c), the percentage of E. coli and T. maritima proteomes within each cluster are shown. Surprisingly, certain clusters 

are enriched in E. coli proteins (cluster 0) and certain in T. maritima proteins (cluster 2). Total numbers of proteins in 

each cluster are 154, 318, 592, and 763 for cluster 0–4, respectively. In (d), an example of a homolog (pgk) which is 

present in entirely different clusters (cluster 2 for E. coli and cluster 1 for T. maritima). The structural differences can 

mainly be explained by the fact that in T. maritima, pgk (PDB 1VPE) is fused with tpi (PDB 1B9B), creating a protein 

which is triple in length to that of its E. coli counterpart (PDB entry 1ZMR). 
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Characterization of proteins with growth rate-limiting reactions at high temperatures 

High temperatures impose a heavy burden on organisms with respect to the functioning of 

cellular metabolism. Understanding the molecular basis for stability is necessary to grasp the the 

fundamental nature of protein structure as well as to engineer high-temperature industrial 

processes [221]. In general, structure-based analyses have been used to discover properties of 

thermostability [15, 16, 220, 222], however, there remains a significant challenge to pinpoint 

which characteristic features of proteins lead to detectable differences between thermophiles and 

mesophiles [223, 224]. Using an entirely different approach, genome-scale models of metabolism 

point to specific proteins that limit the ability of the cell to grow and function at a given temperature 

[32]. For example, specific E. coli proteins, identified as “hotspots,” are linked to reactions in the 

metabolic network that limit or diminish the cellular growth rate at higher temperatures (e.g., due 

to protein unfolding/degradation). The novelty of this approach is that we can hypothesize that 

these “hotspot” proteins are under selective pressure (on the basis of how important their function 

is to the entire metabolic network) and require adaptation to function at higher temperatures. Here, 

we are interested in understanding what characteristic molecular properties of homologs in T. 

maritima are different, relative to their E. coli counterparts, to ensure functional proteins at higher 

temperatures.  

For the identification of homologs, we took advantage of the extensive database of both 

GEMs to effectively map between E. coli and T. maritima genes that have a similar sequence and 

metabolic function (a total of 219 homologs). In this case, we clustered alignments of E. coli with 

T. maritima PDB templates into three classes (high, medium, and low-medium overlap) based on 

the root-mean-squared-deviation (RMSD) of the protein backbones (less than 5 Å, 5-7 and 7-10 

Å, respectively) and an alignment coverage of greater than 70% of the total length of the protein. 
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Surprisingly, we find that, out of 219 homologs, only 10% (19) of E. coli genes share a structurally 

similar domain with their T. maritima homologs (all cases align with RMSD < 5 Å). Of the 10% 

that are structurally similar, we linked their respective metabolic functions to amino acid 

biosynthesis, cofactor biosynthesis, or cell envelope biosynthesis. A few cases related to tRNA 

and methionine metabolism also show a high degree of structural similarity, despite low nucleotide 

sequence identity (e.g. b3559/TM_0216 have 30.1% sequence identity and b4019/TM_0269 have 

27.8% sequence identity).  

Particularly interesting cases pulled out from this analysis are those of 3-phosphoglycerate 

kinase (pgk, EC 5.3.1.1) and the b subunit of atp synthase (atpB, EC 3.6.3.14). Comparing the 

extremely stable thermophilic pgk with its less stable, mesophilic homolog reveals that this peptide 

correlates to proteins in cluster 2, whereas the thermophilic pgk correlates to proteins in cluster 1. 

The crystallographic structure of the thermophilic pgk shows increased rigidity from the many 

intramolecular contacts, alpha helices, and loop regions [225] consistent with cluster 1 properties. 

Furthermore, the size of the T. maritima pgk is three times that of its E. coli counterpart (280 kDa 

versus 43 kDa), as it is a tetrameric fusion protein (pgkfus) of two enzymes, namely pgk and 

triosephosphate isomerase (tpi, 2.7.2.23), illustrated in Figure 8 (d), bottom. Despite a difference 

in relative enzyme efficiency, the fusion protein is active when previously cloned and expressed 

in E. coli, confirming the authenticity of the two separable proteins and enzyme activities resulting 

from this gene in the mesophilic host [226]. In this context, covalent fusion of two proteins to 

complexes or assemblies might represent an additional stabilization strategy, particularly for 

“hotspot” enzymes that become unstable at higher temperatures, like pgk.  

Structural comparison of the β subunit of ATP synthase polypeptides indicates that the T. 

maritima protein has a higher degree of buried, nonpolar residues that, on average, are less solvent 



72 

exposed (i.e., a larger average residue depth of the alpha carbon atoms in the protein). In contrast, 

the E. coli peptide is much more solvent exposed and its residues are, on average, more polar or 

positively charged. A previous study, which characterized the chimeric soluble β polypeptides in 

vitro showed that the T. maritima protein melted cooperatively with a midpoint more than 20°C 

higher than that of the E. coli sequence [227]. The study revealed the effects of substituting 

different sequences in the E. coli peptide, showing which parts of the peptide tolerated the most 

change without a loss of function and which changes led to an increased thermostability. The 

structural differences brought out by this pairwise comparison are consistent with the fact that the 

average relative contact order (which correlates to solvent accessibility) of T. maritima proteins is 

significantly different than their close mesophilic homologs [224].  

3.3.3 Dissemination of GEM-PRO and development of new training resources 

Equally important to providing higher quality models is providing the community with 

complete knowledge bases, tools, and training examples for the continuous development of 

genome-scale modeling approaches. Historically, advances in genome-scale modeling have been 

accelerated by the wide dissemination of network reconstructions, modeling methods, and their 

continual curation and updating to incorporate new information. Furthermore, as GEM-PRO 

enables modeling of cellular processes that span a wide range of biological, chemical, and 

structural detail, input from different scientific disciplines could vastly enhance the capabilities of 

current methods and approaches used in systems biology. To make GEM-PRO accessible to a 

wide-range of scientific backgrounds, we present GEM-PROs workflows for these two 

contemporary organisms, E. coli and T. maritima.  

As supplementary information, we describe how various protein-related data types are 

paired with GEMs (Figure 6). We provide bioinformatics scripts together with tutorials (in the 
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form of IPython notebooks) as Supplementary Information (available in the online resource) to 

explicitly describe how protein-related information can be linked to genome-scale models to study: 

(i) the evolution of protein fold families in metabolism; (ii) temperature-dependent growth rate 

predictions; (iii) the diversity in protein-ligand interactions in a metabolic network; (iv) the 

organization of protein complex stoichiometry and how it can be paired with ribosomal profiling 

data to describe in vivo protein abundance.  

3.4 Conclusion 

Protein structures and their molecular assemblies offer a wide range of possibilities to 

further enhance the predictive scope of genome-scale modeling by providing information on the 

sequence of molecular events in a pathway, how to interfere with a pathway to treat a pathology, 

or the evolutionary history of contemporary organisms. The further integration of protein-related 

data into metabolic network reconstructions will rely on clear mapping protocols and the 

development of bioinformatics tools that will aid in this process. This contribution, the 

bioinformatics tools, and the accompanying tutorials, which are based on constraint-based 

modeling methods through COBRApy [206], describe the generation and application of GEM-

PRO models. Here, we have shown the utility of integrating molecular scale analyses with systems 

biology approaches by discussing several comparative analyses on the temperature dependence of 

growth, the distribution of protein fold families, substrate specificity, and characteristic features 

of whole cell proteomes.  

The dissemination of the GEM-PRO modeling framework is likely to broadly impact work 

in a wide array of disciplines, including structural biology, computational chemistry, systems 

biology, and biotechnology. The ability to characterize the structural, chemical, and binding 

https://github.com/SBRG/GEMPro/tree/master/GEMPro_recon/
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characteristics of metabolic proteins in different organisms also enables the further development 

of in silico tools capable of identifying isozyme activity on a genome-scale. Recently, a number 

of studies have emerged [162, 228, 229] that have used genome-scale models together with 

complementary bioinformatics techniques to characterize the versatility of enzymes on a systems 

level. Such studies can easily be extended to include the assessment of protein structural data and 

can be used to complement current “gap-filling” methods [230, 231] for model improvement. 

Current “gap-filling” methods typically use amino acid sequence identity as a measure for 

predicting enzyme similarity. However, some candidates are likely to be overlooked, since proteins 

with low sequence identities (e.g., <15% in the globin family) have also been shown to share 

similar folds and functions [215, 232, 233]. Evaluating the capacity of a protein to catalyze more 

than one reaction is also especially important to applications in metabolic engineering [234-236], 

where such proteins serve as an ideal starting platform for engineering novel capabilities as well 

as increasing substrate specificity. 

Finally, GEM-PRO offers insight into the physical embodiment of an organism’s genotype 

and provides a new way to compare genomes by linking genes to their encoded gene product, to 

the protein’s structure, and finally, to the reaction catalyzed by that protein (or its molecular 

assembly). The use of GEM-PRO as a comparative systems biology approach demonstrates that 

important aspects of the functional differences between organisms (e.g., due to lifestyle changes) 

are not only derived from differences in their genetic components but also from the physical 

interactions of their molecular components. Together with previous applications on the 

phylogenomic analysis of protein structure [237], global motifs on protein fold and domain 

architecture [238, 239], and evolution of modern metabolism [28, 240], mapping the properties of 

proteins to their respective genes offers a novel perspective of the molecular, biochemical, and 
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phenotypic features of contemporary organisms. This comparative framework enables exploration 

of adaptive strategies for these organisms and opens the door to many new lines of research, 

including metabolic engineering and the design of thermostable enzymes. 

3.5 Methods 

3.5.1 Data retrieval and manipulation 

Incorporating protein-related information into a GEM involves four stages of semi-

automated curation: (i) map the genes of the organism to available experimental protein structures, 

found in publicly available databases, such as the Protein Data Bank (PDB); (ii) determine genes 

with and without available protein structures and perform homology modeling using the I-

TASSER suite of programs [181] to fill in gaps where crystallographic or NMR structures are not 

available; (iii) perform ranking and filtering of PDB structures for each gene based on a set 

selection criteria (e.g., resolution, number of mutations, completeness); (iv) map GEM genes to 

other databases (e.g., BRENDA [241, 242], SwissProt [243], Pfam [244], SCOP [245]) for 

complementary protein-structure derived data. The quality of the reconstruction expansion process 

to include high confidence protein structures is considered by carrying out a series of QC/QA 

verification steps during the ranking and filtering stage. The GEM annotation of the organism of 

interest is stored in SBML and Matlab formats and many organisms can be found in the BiGG 

database [161]. Amino acid sequence of the proteins of interest are stored in FASTA format. To 

map protein structural data to a GEM, we make use of Python modules, ProDy [38, 246] and 

Biopython [19] to parse information in the PDB files. The molecular visualization software VMD 

[247] was used for viewing the 3D structure of the modeled protein and the predicted functional 

sites and the creation of images. Installation of PfamScan and HMMER3 algorithms are required 
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for generating protein fold families for certain proteins [248, 249]. Open source software for 

protein structural predictions are available and are used in conjunction with the IPython 

framework.  

3.5.2 Data organization into IPython notebooks 

In the Supporting Information (available in the online resource), we provide discrete 

examples of how to use the expanded metabolic network reconstructions with protein information 

to predict cellular phenotypes, which include (i) the discovery of multimeric properties of 

metabolic enzymes; (ii) the predicted growth of E. coli at different temperatures; (iii) predicting 

the effects of antibacterial drugs in E. coli; (iv) the discovery of patterns in fold families distributed 

across the metabolic network in E. coli and (v) the discovery of ligand similarity and potential for 

promiscuity in the metabolism E. coli. The tutorials provided in Supporting Information are 

designed in such a way that aids the user to properly access information in the GEM-PRO database, 

easily reproduce previously reported findings and organize information into meaningful 

representations. The main objective of the designed framework is to assist in (i) mapping between 

useful and unique identifiers; (ii) locate and query various data sources and (iii) identify fruitful 

and meaningful associations between the disparate datasets. We provide tutorial-like IPython 

notebooks as a means to organize the output of the database into easily manageable and 

understandable modules. Such a framework is the first of its kind for constraint-based modeling 

and provides full details that can be reproduced and updated as new data becomes available. 

3.5.3 Homology modeling framework 

The I-TASSER protocol is described by the following steps: (i) for each protein of interest, 

homologous templates are identified and used to assemble the queried protein; (ii) modified Monte 

https://github.com/SBRG/GEMPro/tree/master/GEMPro_recon/
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Carlo based replica exchange simulations are performed to cluster the lowest-free energy states of 

the assembled structure; (iii) the fragment-based assembly simulation is performed a second time 

to further refine the model and remove steric clashes; (iv) the function of the query protein is 

inferred by structurally matching the predicted 3D models against the proteins of known structure 

and function in the PDB. In order to assess the quality of the predicted structure, the accuracy is 

predicted from a confidence score (C-score or TM-score), which is defined based on the quality of 

the threading alignments and the convergence of the assembly refinement simulation used in steps 

ii and iii. I-TASSER is capable of generating multiple model predictions with a rank-ordered C-

score. For more details about I-TASSER, please refer to the published literature [14]. 

3.5.4 Prediction of Pfam family folds (HMMER) 

The database currently maintains 14,831 manually curated entries in the current release 

and is accessible via web servers (http://pfam.sanger.ac.uk/ and http://pfam.janelia.org/). This 

information allows for the classification of proteins via amino acid sequence into distinct protein 

families who share domain architecture through the HMMER suite of programs [250]. The 

challenges of predicting protein families using HMMER3 are discussed elsewhere [251]. For the 

genes in our models without Pfam annotations, we have run the freely available HMMER source 

code [248, 249] to fill in the “gaps” in the Pfam knowledgebase.  

3.5.5 Temperature-based predictions in the E. coli metabolic network 

Temperature-related properties of proteins (e.g., melting point temperature or TM) were 

determined using both experimental and predicted values for the melting temperatures of proteins. 

The two main sources of this experimental data were taken from ProTherm [252] and BRENDA 

[242] online data services. By querying ProTherm and BRENDA temperatures of specific 

http://pfam.sanger.ac.uk/
http://pfam.janelia.org/
http://pfam.janelia.org/
http://pfam.janelia.org/
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metabolic proteins were linked to metabolic genes via their respective EC number. In the 

Supplementary Information , we have provided a script that performs the direct mapping between 

Blattner number and EC for querying both ProTherm and BRENDA databases (see the 

Supplementary IPython notebook titled, "Predicting Growth Rate at Various Temperatures", 

available in the online resource). For the iJO1366 model of E. coli, we find low coverage of 

temperature related data (only 29 out of 1366 genes with automated querying and 193 genes with 

semi-automated and manual curation). Thus, the experimentally determined TM values were 

supplemented with predicted TM using a previously published method [253]. We provide an 

example of one out of the four bioinformatics-based computational prediction of TM which derived 

from the amino acid sequence.  

3.5.6 Reconstruction of protein complex stoichiometry 

We updated the reconstruction of complex stoichiometry of enzyme complexes that 

catalyze metabolic reactions to include over 500 new complexes. We have included the list of 

added reactions together with the nearly complete mapping to complex stoichiometry in the 

Supplementary Information (available in the online resource). Metabolic models contain gene-

protein-reaction relationships (GPRs), which are boolean statements on the requirements of genes 

for catalysis. However, more detailed reconstructions that include protein structures and models 

of metabolism and protein expression (ME-Models) benefit [199, 254] from information on 

enzyme stoichiometry. While the previous versions of GEM-PRO [28, 255] included information 

on single protein chains and protein complexes (using information both experimentally determined 

and putative PISA predictions [256]), the updated GEM-PRO extends the coverage to include 

additional data derived from experimentally determined enzyme complex stoichiometry. There are 

several additional sources of data on the stoichiometry of proteins in complexes, including PDB 

https://github.com/SBRG/GEMPro/tree/master/GEMPro_recon/
https://github.com/SBRG/GEMPro/tree/master/GEMPro_recon/
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structures and protein gels; much of this data is already compiled in databases such as Ecocyc 

[196, 197] or UniProt [198]. Experimentally determined structures and structures from homology 

modeling were used to achieve 93% structural coverage of proteins in the iJO1366 network and 

between 24% and 33% coverage of protein-substrate binding conformations. Manual curation for 

enzymes and metabolic reactions that do not perfectly match between the M-Model and databases 

is necessary. This procedure was performed by O'Brien et al. [199] starting from the iJO1366 

metabolic model and mapping to the enzyme annotation in EcoCyc [196].  

3.5.7 Calculation of protein 3D structural properties 

We calculate 29 physical properties of the protein to construct a multidimensional data 

matrix, including solvent-accessible surface area (SASA), number of total contacts, disulfide bond 

distance (SS-bond), percent of the protein that is buried, percent of the protein that is on the surface, 

secondary structure composition (𝛼-helical content, 𝛽-strand content, 310 helix content, 𝜋-helix 

content, hydrogen bonded turn content, bend content, disordered content), ovality (SASA/Nres
2/3), 

residue depth (distance of the C𝛼 atom from the protein surface), percent of the total structure that 

is nonpolar, polar, positively charged, or negatively charged, and percentage of the surface/buried 

residues that are nonpolar, polar, positively charged, or negatively charged. SASA was calculated 

according to the algorithm of Lee and Richards [257, 258] with a probe radius of 1.4 Å. Residues 

with a SASA measurement greater than 3 Å2 are assigned as surface residues. The residue depth 

has been calculated for all atoms in the entire protein based on Michel Sanner's Molecular Surface 

(MSMS) method [12] and is evaluated from the average distance of all atoms to the surface of the 

protein. The number of disulfide-bonds is calculated from the 3D coordinates of sulfur atoms 

(using a 5 Å bonding distance cutoff).  
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Chapter 4. 

Adaptations of Escherichia coli strains to 

oxidative stress are reflected in properties of their 

structural proteomes 

4.1 Abstract 

The growing availability of the three-dimensional structures of proteins has enabled the 

reconstruction of a reference structural proteome for Escherichia coli K-12 MG1655. This 

reference enables us to generate a comprehensive map of genetic changes in 1,764 strains of E. 

coli, by mapping their DNA sequence variations to 4,118 proteins with available 3D models. 

Metabolic model simulations enable predictions of their basal reactive oxygen species (ROS) 

production levels (ROStype) for 695 strains, and surprisingly, strains predicted to have higher as 

well as lower basal levels share antioxidative properties within their structural proteomes. We 

show that it is possible to assess a strain’s sensitivity to an oxidative environment, based on known 

chemical mechanisms of oxidative damage to groups of proteins defined by their localization and 

functionality. Two general protein classes - metalloproteins and periplasmic proteins - show the 

clearest enrichment of antioxidative properties between the 695 strains with a predicted ROStype 

as well as 116 strains with a defined pathotype. Specifically, proteins that a) utilize a molybdenum 

ion as a cofactor and b) are involved in the biogenesis of fimbriae show striking differences in 

these antioxidative properties. We thus demonstrate that structural systems biology enables a 
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proteome-wide, computational assessment of changes to atomic-level physicochemical properties 

and of oxidative damage mechanisms for multiple strains in a species. This integrative approach 

opens new avenues to study adaptation to a particular environment based on physiological 

properties predicted from sequence alone. 

4.2 Introduction 

Reactive oxygen species (ROS) can cause severe oxidative damage to cellular proteins, 

which often results in chain reactions that spread the damage to neighboring macromolecules and 

leads to systems-level changes of cellular function [259]. While ROS can be beneficial - and even 

necessary in some contexts [260-263] - at a high concentration, oxidative damage must be 

responded to and repaired. As a result, cells are equipped with a number of mechanisms to quench 

ROS, directly repair the damaged components, or manage ROS indirectly [264]. Certain amino 

acids that comprise the structures of proteins are principal sites of oxidative damage [265]. This 

damage can be divided into two groups - reversible or irreversible modifications. The sulfur-

containing residues methionine and cysteine incur reversible modifications, while irreversible 

damage impacts histidine, arginine, lysine, proline, threonine (RKPT), and tyrosine (with reactive 

nitrogen species) [266]. The damage to the RKPT amino acids is a post-translational modification 

known as carbonylation, and is commonly used as an experimental measurement of oxidative 

damage with mass spectrometric methods [267-269]. 

A number of studies have explored the adaptations of an organism’s proteome to deal with 

an oxidative environment. These studies have examined how the amino acid usage of their 

proteomes differs between anaerobes versus aerobes [270], or between short- and long-living 

organisms [271-273]. The latter case has been of interest due to the proposed oxidative stress 
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theory of aging [274] which states that the accumulation of oxidative damage to macromolecules 

is a major reason why organisms age. As a result of these studies, there are a number of proposed 

hypotheses regarding how aerobic organisms have evolved to live in oxygen-rich environments or 

why certain species have increased longevity. In the context of the structural proteome, these 

proposals include: 1) the use of “amino acid sponges” that can absorb oxidative damage by 

enriching cytosolic protein surfaces with methionine [275-278] or cysteine [279], and additionally 

tyrosine or tryptophan in transmembrane proteins [280]; 2) the avoidance of cysteines [281] or 

carbonylation-susceptible residues [268, 282] on the surface of a protein; 3) the avoidance of 

charged or disorder-prone residues [283-286] to favor a more stable folded state; 4) the protection 

of reactive cofactors such as transition metal ions or flavins with extended domains [287] or by 

altering global or local structural characteristics [288-290]; and 5) a number of other novel 

mechanisms [291-295]. The true impact of these adaptations remains unclear as patterns observed 

could be attributed to other factors [270], but it is clear from these studies that antioxidative protein 

properties have manifested themselves within the genetic code over time. 

In this study, we use a combination of both structural and systems biology approaches to 

evaluate if the differential manifestation of these antioxidative properties in the proteomes of 

multiple E. coli strains reflects the varying oxidative environments they may encounter. We extend 

a pipeline to construct genome-scale models with protein structures (GEM-PROs) to the entire 

reference proteome of E. coli K-12 MG1655, with additional methods to select representative 

cofactor-bound structures and protein complexes. We use this information along with a set of 1,764 

sequenced E. coli strains to map DNA sequence variation to the reference proteome, with the goal 

of characterizing physicochemical changes in groups of proteins defined by their localization and 

functionality (Figure 1). We additionally create strain-specific genome-scale metabolic models 
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capable of predicting basal ROS production levels (henceforth referred to as “ROStypes”) [29, 

296] to understand how adaptation may arise not only due to levels of ROS encountered 

exogenously, but also produced endogenously. With this information, we are able to pinpoint 

shared changes in relation to a strain’s phenotype and the antioxidative properties of its proteome. 

We unexpectedly find that strains with predicted higher levels of endogenous ROS relative to 

MG1655 (ROShi) share antioxidative properties in their proteomes to those with predicted lower 

levels (ROSlo). We find that generally, metalloproteins and periplasmic proteins differ in these 

antioxidative properties, and detail two specific examples of molybdenum-binding enzymes and 

proteins involved in the biogenesis of fimbriae. This work demonstrates a structural systems 

biology approach to explore patterns of protein sequence variation in relation to predicted or 

known phenotypes, specifically in the context of adaptation to an oxidative environment. 
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Figure 4.1. Schematic of modeling workflow and the hypothetical antioxidative properties of a protein. 

A) The genomes of 1,764 strains of E. coli were gathered and orthologous genes were mapped to the reference E. coli 

K-12 MG1655 strain. External data sources were integrated to gather protein sequence and structure annotations with 

regards to susceptibility of oxidative damage, such as the locations of metal-binding sites [297], known carbonylation 

sites [298], and known cysteine damage sites [299]. The structural proteome is further categorized into protein groups 

by their annotated localization and functionality. We conducted gene deletions upon the genome-scale metabolic 

model of MG1655 integrated with ROS generating reactions (iML1515-ROS [29, 296]) for strain-specific predictions 

of basal ROS production levels, defining a strain’s “ROStype”. We utilized the GEM-PRO pipeline [300, 301] to 

select representative protein structures for 95% of the MG1655 proteome. B) A hypothetical protein resistant to 

oxidative damage. Protein sequence and structure properties are highlighted based on previous studies finding 

enrichment of these properties in aerobes or long-living organisms. Structural properties defined by locations in 3D 

space, such as surface-exposed residues or those in a specified radius within a metal-binding site, are used to further 

divide a single protein into residue groups. 

 

4.3 Results 

4.3.1 Reconstructing the reference structural proteome of E. coli K-12 MG1655 

The construction of a reference structural proteome for the 4,313 proteins of the E. coli K-

12 MG1655 strain resulted in 1,457 proteins that could be represented by an experimentally 

determined 3D structure, an additional 2,661 proteins with a homology model, and 195 with no 

available structure. Proteins were segregated into functionally similar groups, first based on their 

localization within the cell and further using clusters of orthologous group (COG) categories and 
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metabolic subsystem groupings, resulting in over 200 groups of proteins (henceforth referred to as 

protein groups) analyzed for differences in their structural properties that could potentially 

contribute to oxidative stress resistance (henceforth referred to as antioxidative properties) (Figure 

1). These antioxidative properties were selected on the basis of previous studies that characterized 

hypothesized resistance patterns seen in aerobes or in long-living organisms. 

Improvements to the GEM-PRO pipeline [300, 301] allowed for the refined selection of 

experimental protein structures for 42 iron and iron-sulfur binding enzymes. For these, selection 

of a representative structure was extended beyond sequence identity and structural resolution by 

considering cofactor-bound states if experimental structures were available in both apo (cofactor-

unbound) and holo (cofactor-bound) forms. Additionally, the amino acid residues that create 

interfaces between subunits in enzyme complexes were also integrated within the metabolic 

network reconstruction. The integration of external data sources enabled the assessment of changes 

to experimentally determined damage points on proteins for carbonylation and cysteine damage. 

These improvements result in a more rigorous reconstruction of the structural proteome and also 

enable future analyses to consider important protein subsequences (Figure 1B), such as for changes 

within a certain radius of a metal-binding site or within the residues that make up an enzyme 

complex interface. 

4.3.2 Strains with significant variance in ROStypes display enrichment of antioxidative 

properties in their proteomes 

The protein sequences of 1,764 strains of E. coli were gathered from public databases (see 

Methods). Simulations to predict the ROStype of available E. coli strains were successful for 695 

strains, and resulted in a set of 16 strains that had a significantly higher basal ROS production rate 

(ROShi, >5% measured K-12 MG1655 production rate [302]) and 26 that had a lower basal rate 
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(ROSlo, <5% measured rate) (Figure 2A). This cutoff was selected from a previous study that 

validated a number of gene deletions and their impact on measured endogenous ROS levels [296]. 

The production rate of H2O2 and O2
- was highly correlated (r=0.98) and thus, classification of a 

strain based on their ROStype refers to rates of both H2O2 and O2
- production. A large number of 

strains (653) displayed non-varying levels (within 5%) compared to K-12 MG1655 (ROSK-12) 

while the remaining strains (1,069) failed to simulate growth under minimal media conditions, 

most often due to missing amino acid synthesis pathways that were not mapped from orthologous 

genes. Gap-filling of the strain-specific metabolic models was not carried out. 

From the set of ROShi and ROSlo strains, we inspected the gene deletions that resulted in 

the predicted phenotypes. In both cases, the major class of reactions missing due to gene deletions 

were involved in alternate carbon metabolism and lipopolysaccharide biosynthesis, consistent with 

other studies of the core and pan genome [303, 304]. Both strain sets shared missing reactions in 

methionine metabolism, nitrogen metabolism, and inner membrane transport pathways. ROShi 

strains were missing additional lipopolysaccharide (LPS) biosynthesis reactions, and the only non-

LPS reaction unique to these strains was a deletion of UDP-galactopyranose mutase. ROSlo strains 

on the other hand, had a variety of missing reactions in different subsystems (Figure 2B). 

Interestingly, in most protein groups, the computed antioxidative properties did not significantly 

cluster apart the ROShi and ROSlo strains in principal component analyses (PCA) (top panels of 

Figure 3A, 4A, 5A). It was observed that these strains clustered together, but apart from strains 

with non-varying levels of endogenous ROS. 
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Figure 4.2. Classifying strains by predicted endogenous ROS levels and missing reactions that contribute to the 

predicted phenotype. 

A) Simulations of strain-specific metabolic models enable the prediction of endogenous ROS levels, or ROStype. A 

defined ROStype results from changes to pathway usage due to the deletion of certain reactions from missing genes. 

Strains are classified by their predicted endogenous ROS levels as “high” (ROShi) or “low” (ROSlo) ROStypes if their 

predicted rates of production of hydrogen peroxide (H2O2) or superoxide (O2
-) differ by more than 5% from the 

measured production rate in the K-12 MG1655 strain (orange dotted line). If predicted endogenous ROS levels do not 

differ by more than 5%, a strain is classified as similar to MG1655 (ROSK-12). B) Histogram of the metabolic 

subsystems of missing reactions that contribute to the ROStype. Reactions that are shared between strains with ROShi 

and ROSlo predictions are denoted as shared missing reactions in gray. 
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4.3.3 Known chemical mechanisms of oxidative damage to proteins enable the assessment 

of a strain’s oxidative environment 

Pathotype classifications were available for a subset of 116 from the overall set of 1,764 

strains, while growth/no growth phenotypes in a variety of media conditions were available for up 

to 650 strains depending on the condition [305]. PCA of the selected antioxidative properties 

successfully segregated strains with predicted ROStypes (i.e., ROShi and ROSlo strains vs. ROSK-

12) and those with defined pathotypes (i.e., ExPEC/AIEC/APEC vs. other pathotypes) for a number 

of protein groups (Table 1). These groups were ranked by cluster homogeneity following Density-

Based Spatial Clustering of Applications with Noise (DBSCAN). Examples of proteins showing 

significant cluster homogeneity include the general protein groups of all metal-binding enzymes 

as well as all proteins localized to the periplasm (Figure 3). Specifically, in these groups, the metal-

binding enzymes that utilize a molybdenum cofactor and periplasmic enzymes involved in the 

assembly of fimbriae showed the highest homogeneity. These specific groups are expanded upon 

below. Other protein groups with high homogeneity included other extracellular and motility 

proteins, murein biosynthesis enzymes, and proteins involved in inorganic ion transport and 

metabolism (Table 1). 

We observed very little segregation of the panel of strains with available growth/no growth 

phenotypes in various media conditions [305], with our original hypothesis being that strains with 

growth phenotypes in oxidative environments would show enrichment of antioxidative properties 

in proteins important for metabolic function. A major reason for this observation was due to a 

much lower statistical power as many conditions contained a very small number of strains with 

“no growth” phenotypes compared to those with a “growth” phenotype. 
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Table 4.1. Homogenous clusters formed using DBSCAN on the first two principal components, following labeling 

with ROStype or pathotype. 

Both V-measures and Adjusted Rand Index (ARI) are reported for generated clusters to describe cluster homogeneity. 

For ROStypes, both high and low predictions were considered the same in homogeneity measurements. If a ROStype 

or pathotype is unavailable for a strain, they were excluded from the homogeneity measurements. 

ROStype: ROShi & ROSlo vs. ROSK-12 

Protein group Localization # clusters V-measure ARI 

COG I (Lipid transport and metabolism) Cytosol 2 0.3 0.44 

COG P (Inorganic ion transport and 

metabolism) 

Cytosol 5 0.27 0.43 

Molybdenum-binding enzymes Periplasm 4 0.27 0.28 

Metabolism - Murein Biosynthesis Periplasm 2 0.25 0.32 

Fimbriae assembly proteins Periplasm 4 0.23 0.31 

All metal-binding proteins All 7 0.19 0.32 

All periplasmic proteins Periplasm 3 0.09 -0.02 

  
   

  

Pathotype: ExPEC/AIEC/APEC vs. all others 

Protein group Localization # clusters V-measure ARI 

Fimbriae assembly proteins Periplasm 3 0.45 0.55 

COG Q (Secondary metabolites 

biosynthesis, transport and catabolism) 

Cytosol 4 0.44 0.57 

COG N (Cell motility) Cytosol 3 0.41 0.46 

COG W (Extracellular structures) Periplasm 3 0.41 0.5 

Molybdenum-binding enzymes Cytosol 3 0.4 0.44 

All metal-binding proteins All 3 0.08 0.02 

All periplasmic proteins Periplasm 2 0.16 0.02 
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Figure 4.3. Principal components analysis (PCA) of antioxidative properties in all metal-binding proteins as well as 

all periplasmic proteins. 

Antioxidative properties are computed for all metal-binding proteins and averaged for every strain. A feature matrix 

containing these properties is used as input to PCA, and subsequently, strains with predicted ROStypes (top left) and 

strains with pathotype annotations (bottom left) are highlighted. PCA for all proteins localized to the periplasm is also 

shown (right). These two general groups of proteins show clusters with the highest homogeneity in regards to predicted 

endogenous ROS or pathotype labels. 

 

4.3.4 Molybdoenzymes with promiscuous activity are enriched with ROS-resistant 

structural properties 

Enzymes that utilize molybdenum as an inorganic cofactor in catalysis carry out a variety 

of redox reactions in E. coli [306] and in all eukaryotic organisms [307, 308]. The molybdoenzyme 

group created through the structural proteome reconstruction was composed of 14 enzymes 

containing molybdenum-binding sites in their associated UniProt entries. PCA of their 

antioxidative properties displayed clear clustering of ROStypes and pathotypes (Figure 4A). 
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However, analysis of the antioxidative properties contributing to the first principal component 

revealed conflicting properties among the proteins contained within the group (see XdhD, below). 

Thus, we proceeded to inspect the properties of each of the 14 molybdoenzymes individually. 

The subset of these enzymes that show enrichment of antioxidative properties in the 

pathotype and endogenous ROS clusters display dual functionalities in many cases. For example, 

the main function of biotin sulfoxide reductase (BisC) is in biotin salvage (i.e., to reduce the 

oxidized form of biotin), but it has also been shown to reduce oxidized free methionine [309]. BisC 

most significantly shows an avoidance of surface-exposed cysteines and negatively-charged 

residues (p<0.0001, Mann-Whitney U test) (Figure 4B). An avoidance of surface-exposed 

methionines was also observed. Trimethylamine-N-oxide (TMAO) reductase 2 (TorZ) reduces the 

compound TMAO, an alternative electron acceptor for anaerobic growth [310, 311]. Additionally, 

TorZ carries out the same biotin sulfoxide reductase reaction as BisC [312], although at a lower 

catalytic rate. TorZ displayed properties in the same strain sets trending towards more ordered 

residues, and less surface-exposed carbonylatable and charged residues. Xanthine dehydrogenase 

subunit A (XdhA), which showed similar property enrichments as TorZ (Figure 4C), is involved 

in purine catabolism and reduces NAD+ to NADH in the process [313]. Increases in xanthine 

levels are potentially indicative of higher rates of DNA damage, such as from ROS [314]. Out of 

the set of molybdoenzymes which avoided antioxidative properties, most are either known to only 

have a single function, or do not have their functions well characterized as of yet. As an example, 

a hypothesized xanthine oxidase (XdhD), displayed changes that shifted it to be more susceptible 

to damage. These changes may be due to the fact that XdhD cannot carry out the dehydrogenase 

reaction that XdhA does, since it lacks the FAD-binding domain to catalyze it [313]. As such, 
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being an oxidase, XdhD is involved in the generation of ROS and may not be desirable for use in 

high ROS environments. 

  



94 

 

Figure 4.4. Molybdenum-binding proteins are enriched in antioxidative properties in strains with both high and low 

predicted levels of endogenous ROS as well as strain pathotypes likely encountering oxidative environments. 

A) PCA of antioxidative properties for molybdenum-binding proteins of strains, in relation to their predicted ROStype 

and annotated pathotype. Proteins were inspected individually for changes in antioxidative properties, since analysis 

of the component contributions showed both enrichment and avoidance of certain properties. ExPEC/AIEC/APEC 

strains are grouped together as they likely encounter oxidative environments more frequently [315]. B) Biotin 

sulfoxide reductase shows avoidance of surface-exposed cysteine residues in both ROShi/ROSlo and 

ExPEC/AIEC/APEC strains. The residues highlighted on the protein structure indicate common mutations in strains 

of ExPEC/AIEC/APEC pathotypes. The size of the highlighted residue corresponds to the number of strains that 

mutation appears in. Note that all mutations do not co-occur together in all strains. The distribution plots for strain 

phenotypes to the right of the protein figure show the normalized percentage of the residue in relation to the protein 

subsequence, i.e. percentage of cysteines on the protein surface. C) Xanthine dehydrogenase subunit A similarly shows 

enrichment of antioxidative properties, by avoiding carbonylatable and charged residues on the protein surface, along 

with an increase of a total percentage of order-promoting residues. Structural models shown here are all homology 

models from the SWISS-MODEL database [316]. 
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4.3.5 Operons containing type 1 fimbriae biogenesis proteins are enriched in antioxidative 

properties 

Fimbriae are special pili that are synthesized and transferred to the outer membrane of E. 

coli. They are involved in the attachment of the bacteria to their host environments [317]. The fim 

operon is the most well characterized system that assembles type 1 fimbriae [318]. A number of 

other similar operons are encoded within the K-12 MG1655 genome, but require specific 

environmental stimuli to be expressed [319]. PCA and subsequent DBSCAN clustering identified 

this set of proteins as creating highly homogenous clusters, again for both strains with predicted 

ROStypes and defined pathotypes (Figure 5A).  

One cluster contained a majority of the annotated ExPEC/AIEC/APEC strains (38 of 40), 

along with two asymptomatic (ABU) 83972 strains and 6 strains with a variety of other pathotypes. 

Another cluster was comprised by a majority of EHEC strains (37 of 69). The antioxidative 

properties contributing to the first principal component were largely consistent with many of the 

previously outlined properties hypothesized to contribute to oxidative stress resistance. 

Specifically, the rightmost strains on PC1 are enriched in order-promoting residues in disordered 

regions of their proteins, along with solvent accessible methionines. The leftmost strains on PC1 

are characterized by amino acid features opposite to providing oxidative stress resistance, such as 

an increase in disorder-promoting residues in disordered regions, more solvent accessible 

cysteines, charged residues, and residues susceptible to irreversible carbonylation (Figure 5B). The 

proteins that diverged in sequence the most from the orthologous K12 sequence were those in the 

yeh and yfc operons (Figure 5C). The function of these operons is relatively unknown but 

hypothesized to assemble other type 1 fimbriae due to their homology to fim components [319]. 
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Figure 4.5. Proteins in the periplasm involved in the assembly of fimbriae are enriched in antioxidative properties. 

A) PCA of antioxidative properties for periplasmic fimbriae assembly proteins, in relation to their simulated ROStype 

and annotated pathotype. PC1 separates the observed ExPEC/AIEC/APEC strains and DBSCAN was applied to 

cluster the results into 3 (for ROStype) or 4 (for pathotype) clusters (Table 1). The location of two asymptomatic 

strains (83972) is specified as they have been found to outcompete UPEC strains in adhesion of the bladder wall [320]. 

B) Specific antioxidative properties contributing to PC1. The 2D and 3D columns indicate if the protein subsequences 

were determined by predictions from sequence (2D) or calculations from structure (3D). C) Selected examples from 

the proteins involved in fimbriae assembly that show enrichment of antioxidative properties. YehB, YehD, and YfcS 

are relatively unknown components of operons similar to the fim operon [319]. Up to 3000 copies of FimA form the 

structural pilus of the fimbriae [321]. Highlighted residues indicate mutations which are seen in the cluster with the 

most ExPEC/AIEC/APEC pathotypes. The size of the highlighted residue corresponds to the number of strains that 

mutation appears in. Note that all mutations do not co-occur together in all strains. The structures shown here are from 

a collection of homology models from the SWISS-MODEL and I-TASSER modeling pipelines [14, 316]. 
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4.4 Discussion 

4.4.1 Endogenous ROS levels suggest convergent evolution in oxidative stress resistance 

The principal component analyses of the antioxidative properties of protein groups 

revealed that similar adaptive features are displayed by strains with both ROShi and ROSlo 

ROStypes. This result was surprising as we had initially expected to see features in opposition to 

each other, such that ROShi strains would have adapted their proteomes to deal with this constant 

source of oxidative stress while ROSlo strains would perhaps vary in other ways unique to their 

environment. However, it has been found that other organisms adapt to environments of high 

oxidative stress by lowering their endogenous ROS levels [322], but conversely, high endogenous 

ROS can allow for natural adaptive mutations to occur lending to a general increased tolerance to 

oxidative environments [323]. Thus, the relationship between genetic variation, endogenous ROS, 

and exogenous ROS is complex, but trends towards similar genetic adaptations as seen in our 

simulation results. Unfortunately, metadata for the gathered E. coli strain sequences was sparse 

with the only consistent annotation being the isolation site, which does not show any correlation 

to oxidative environments. The analysis of strains and their associated genome sequences could 

benefit greatly from richer and standardized annotations of observed phenotypes for large-scale 

studies.  

4.4.2 Dual functionalities of molybdoenzymes potentially contribute to the oxidative damage 

repair response 

The molybdoenzymes within E. coli generally catalyze unique redox reactions under 

aerobic conditions, such as biotin salvage, and also enable the usage of alternative electron 

acceptors in anaerobic conditions, such as nitrate [306]. Due to their redox capabilities, some 
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molybdoenzymes can also act promiscuously to reverse oxidation events to other metabolites such 

as methionine [309]. Interestingly, the standard repair system for methionine sulfoxide - 

specifically in the stressful oxidative environment of the periplasm (MsrPQ) - utilizes 

molybdenum as its cofactor of choice and is able to reduce both stereoisomers of oxidized 

methionine [266]. The proposed stability of these molybdoenzymes under oxidative conditions 

suggests two factors: 1) that these enzymes would be upregulated in response to oxidative stress 

to reduce their main binding partners that are being oxidized by ROS, and 2) that they may be 

called upon to carry out their promiscuous repair functions on other oxidized metabolites.  

Although the function of molybdoenzymes in anaerobic respiration seems unrelated to 

oxidative stress, there may be reasons for their use in aerobic conditions. Interestingly, a previous 

study indicated the metabolite trimethylamine-N-oxide (TMAO) to confer protein structural 

stability in vitro, by stabilizing charged residues, disordered regions, and preventing protein 

aggregation [324]. The identified TorZ enzyme in this analysis may then have a role in maintaining 

reduced TMAO in conditions of oxidative stress. The usage of nitrate as an electron acceptor in 

anaerobic respiration generates reactive nitrogen species, which, similarly to ROS, damage 

cysteine and additionally tyrosine residues [325]. Manual analysis of TorZ and BisC structures 

displayed avoidance of surface-exposed tyrosines, suggesting that similar structural analysis could 

be carried out for other sites of protein damage. 

4.4.3 Type 1 fimbriae biogenesis operons and their use in oxidative environments 

The type 1 fimbriae biogenesis components are interesting to approach from the standpoint 

of oxidative damage resistance due to three reasons. First, the assembly of the fimbriae depends 

on an oxidation event to create a single disulfide bond on the components that make up the tip of 

the fimbriae, which ends up adhering to the environmental surface [326]. Second, there are many 
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similar operons with homologous genes that encode for other fimbriae, supposedly for different 

environmental conditions [319]. Third, the expression of these components is sensitive to oxygen 

levels, being inactive under anaerobic conditions [327]. We grouped together ExPEC, AIEC, and 

APEC strains since their encountered environments are associated with high oxidative stress and 

because of their similarity in both phylogenetic origin and virulence factors [328-330]. 

The assembly of the fimbriae begins when a subunit is translocated into the periplasm and 

bound to a chaperone, which accompanies the subunit to the outer membrane “usher” (collectively 

known as the chaperone-usher pathway). This binding event depends on the subunit being oxidized 

by DsbA, a periplasmic enzyme that creates and maintains disulfide bonds [326]. The formation 

of disulfide bonds would be accelerated by an environment with higher levels of ROS, but would 

additionally demand the chaperone to have antioxidative properties if the fimbriae were to properly 

assemble. Additionally, previous studies have shown that most sequence variation on the 

extracellular fimbriae subunits do not decrease the specificity of adhesion to carbohydrates [331]. 

However, specific point mutations on the FimH adhesin do provide higher adhesion capabilities 

[332]. The results presented here suggest that variations are likely implicated in greater stability 

during translocation and when being presented on the exposed regions of the fimbriae. The 

existence of the other type 1 fimbriae operons points to a highly adaptable set of adhesins available 

to an E. coli cell. Finally, the finding that the expression of these operons responds to changes in 

oxygen levels [327] points to a likely link between their antioxidative properties and survival 

within an oxidative environment.  

The two E. coli ABU 83972 strains in the cluster of ExPEC/AIEC/APEC strains have been 

shown to outcompete UPEC strains in colonization of the bladder [333]. The similar properties of 

their type I fimbriae biogenesis proteins may point towards a similar resistance to oxidative 
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damage in the urinary tract, which is a stressful environment during urinary tract infection [334, 

335]. We hypothesize that the greater stability of the biogenesis enzymes under these conditions 

potentially allow these nonpathogenic strains to assemble their fimbriae and colonize the bladder, 

outcompeting the UPEC strains. This finding suggests that further experimental work to 

characterize these relatively unknown fimbriae operon components may elucidate adherence 

properties of E. coli strains. 

4.5 Conclusion 

In this study, we have applied two protocols in a structural systems biology approach to 

develop an understanding of the genotype-phenotype relationship. At the systems-level, we 

utilized strain-specific genome-scale metabolic models to predict levels of endogenous ROS, while 

also guiding orthologous gene mapping of strains for sequence-level variation analysis. With 

structural information, we mapped this variation to specific groups of proteins and their location 

within three-dimensional space. Specific protein groups were identified as differentiating in 

regards to their antioxidative properties. The analysis of 1,764 sequenced strains confers strong 

evidence pointing towards further experimental study of the contributions of molybdenum-binding 

enzymes as well as fimbriae assembly proteins in the oxidative stress response. The workflow 

presented here also demonstrates a method for understanding important features of the structural 

proteome to enable modeling of different stress responses in silico. Looking forward, the 

exploration of natural variation in regards to enzymatic capabilities to confer a specific 

environmental advantage could be applied in the creation of fine-grained metabolic models taking 

into account the properties of the structural proteome. In the lab, this approach could also guide 
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drug development pipelines by identifying susceptible targets as well as library design for directed 

evolution experiments in protein engineering. 

4.6 Methods 

4.6.1 Construction of the E. coli structural proteome 

We applied an existing pipeline to create genome-scale models of metabolism with protein 

structures (GEM-PRO models) [32, 300] for the entire proteome of E. coli str. K-12 substr. 

MG1655 (reference proteome downloaded from UniProt [69] on March 20, 2018), using the 

current implementation contained in the ssbio Python package [301]. This pipeline results in the 

selection of a single representative three-dimensional tertiary protein structure, either from 

experimental data in the Protein Data Bank [70] or from homology models generated from the I-

TASSER pipeline [14] and the SWISS-MODEL repository [316]. A number of improvements 

were implemented for this study and are slated for incorporation into the publicly available 

pipeline in ssbio. These improvements include 1) the selection of representative experimental 

structures with the consideration of bound cofactors, as described in the methods of [336]; 2) the 

definition of membrane spanning domains in transmembrane proteins by consolidating 

information as predicted by TMHMM [17] or OPM [337] and as annotated in UniProt; 3) the 

selection of quaternary structures of protein complexes by a breadth-first search matching 

algorithm to determine the structure with the highest quality and coverage of annotated subunits, 

either from biological assemblies in the PDB or from predicted complexes in the SWISS-MODEL 

repository. 

4.6.2 Division of the proteome into groups 
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To delineate search spaces within the structural proteome we created groups of proteins 

first defined by their localization, and then defined by their functional assignment (Figure 1A). 

Localization within a cell is defined by the categories: outer membrane, periplasm, inner 

membrane, and cytosol. This information was taken from a consensus of a previously generated 

genome-scale model of proteome synthesis [338], proteomics information from [339], the 

EchoLOCATION database [340], the UniProt database, and finally predictions from TMHMM 

[17] if no other information was available. Secondary functional groups were either created with 

1) the clusters of orthologous group (COG) categories [341]; 2) metabolic network subsystem as 

defined in iML1515; 3) metal-binding enzymes as annotated in UniProt; and 4) manual assignment 

in relation to ROS generation or repair. The manually curated list of proteins were collected based 

on their functional relation to oxidative stress levels in E. coli. These include proteins that are 

known generators of reactive oxygen species, are involved in the repair of oxidative damage to 

macromolecules, are involved in regulation of metal ion transport, etc. 

4.6.3 Protein property calculations and division into subsequences 

The physicochemical properties of each representative protein’s sequence and structure 

were calculated using a variety of tools and stored as per-residue annotations using ssbio. The 

properties used in this study include: 1) definitions of protein “sites” (i.e. binding, catalytic, or 

active sites) as annotated in UniProt, the Catalytic Site Atlas [342], and MetalPDB [297]; 2) 

regions of protein flexibility and disorder as retrieved from PDBFlex [343] or predicted with 

DisEMBL [344] and IUPred [345]; 3) parameters of solvent accessibility as calculated using 

FreeSASA [24] or predicted using SCRATCH [13]; 4) parameters of residue depth as calculated 

using Biopython [3] and MSMS [12]; and 5) definitions of secondary structure using DSSP [23] 

or predicted using SCRATCH. We additionally incorporated the locations of known oxidizable 
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cysteines from RedoxDB [299], known carbonylatable amino acids (R, K, P, T) from CarbonylDB 

[298], and predicted disulfide bridges using a distance-based metric (3 Å cutoff) in an extension 

of the PDB module in Biopython (http://biopython.org/wiki/Struct).  

The aforementioned properties were then used to delineate search spaces within single 

proteins into subsequences (Figure 1B). For example, if a 3D structure was available for a protein, 

a “surface” residue was defined as one with a depth of less than 2.5 Å and a relative solvent 

accessibility of above 25%. These cutoffs were then applied to all residues in a protein sequence 

and those that meet the cutoff then form a defined surface subsequence. The main properties that 

formed these definitions are: depth, solvent accessibility, disordered regions, transmembrane 

domains, solvent-exposed residues surrounding a metal-binding site or a catalytic site, residues 

within a DNA-binding site or any annotated “site”, and residues within sensitive sites as found in 

RedoxDB or CarbonylDB. 

4.6.4 Gathering strains, phenotypes, and pathotypes 

The proteomes of E. coli strains in this study were gathered from three separate sources: 1) 

the Ecoref strain panel [305]; 2) the iML1515 metabolic network reconstruction resource [29]; and 

3) a manually curated set of adherent-invasive E. coli (AIEC) strains. The Ecoref strain panel is a 

published panel of 696 strains that were tested for growth/no growth under a number of media 

conditions. The sequenced genomes, resulting protein sequences, and pathotype annotations were 

downloaded from the publicly accessible database (https://evocellnet.github.io/ecoref/download/). 

Out of the 214 media conditions, 24 of which include a chemical that induces oxidative stress in 

some manner were selected for this study. Out of the 696 strains, 676 were selected due to the 

presence of phenotypic data under the selected media conditions. From the iML1515 resource, the 

proteomes and pathotype information of 1045 strains of E. coli were downloaded from the 

http://biopython.org/wiki/Struct
https://evocellnet.github.io/ecoref/download/
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PATRIC database [346]. The number differs from the original reported number of strains in the 

resource due to database updates and removal of poorly annotated genomes. The strains obtained 

from Ecoref and PATRIC also contained pathotype information for 116 of the strains. Finally, the 

manually curated set of 23 AIEC strains was obtained through literature review and downloading 

of the individual genomes from various publications [347-353]. Two pathotype groups was created 

by 1) extra-intestinal pathogenic (ExPEC), adherent-invasive (AIEC), and avian pathogenic 

(APEC) strains (which have been shown to be similar to ExPEC strains, see [354, 355]) and 2) all 

other pathotypes. This grouping was chosen to discriminate pathotypes by the oxidative 

environments they may encounter. 

4.6.5 Simulation of strain-specific endogenous ROS levels 

The construction of strain-specific metabolic models follows a previously established 

protocol [356]. Briefly, this involves creating a presence/absence orthology matrix of proteins in 

a strain following orthology detection through bidirectional-best BLAST hits (BBH) at an 80% 

sequence identity cutoff. The orthology matrix is then used to trim reactions in a metabolic model 

given a protein’s usage in a reaction. Instead of trimming the original metabolic model of E. coli 

K-12 MG1655, the iML1515-ROS model was used as the base model. Based on a previously 

developed model [296], iML1515-ROS includes 298 reactions that have the potential to produce 

H2O2 and O2
- [29]. Thus, the strain-specific ROS models predicts changes in endogenous ROS 

production levels based on the deviation from the measured MG1655 ROS production rates. 

Ensemble models (sampling different stoichiometric coefficients of the ROS generating 

reactions) of each strain were then simulated to sample total endogenous production of ROS. 

Simulations were conducted under glucose minimal media per [296]. The mean H2O2 and O2
- 

production rates were normalized to the growth rate, thus assigning per-strain predictions of mmol 
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H2O2
 gDW-1 and O2

- gDW-1. The deviations of endogenous ROS production from the “wild-type” 

MG1655 strain were classified as “high” or “low” if they deviated above or below 5% of the 

measured ROS production levels, and “non-varying” if otherwise [302]. 

4.6.6 Characterization of strain-specific changes 

The orthology matrix used to generate strain-specific models was used to align orthologous 

strain protein sequences to the K12 proteins, using default parameters in the Needleman-Wunsch 

pairwise alignment tool in the EMBOSS package [357]. All orthologous sequences were loaded 

into their related Protein objects using the ssbio Python package, and alignments were executed in 

parallel using the Apache Spark Python API (PySpark, https://spark.apache.org). From this, strain-

by-feature matrices describing the proteomic features of all strains and the averaged antioxidative 

properties were generated. To deal with missing data, such as proteins that are absent from certain 

strains or portions of protein sequences that have been truncated (either due to technical reasons 

such as genome sequence or annotation errors, or true deletions compared to MG1655), we tested 

multiple filtering and imputation methods and compared consistency between them. 

The strain-by-feature matrices are created for principal component analysis (PCA) as 

follows. For all combinations of protein groups and subsequences (i.e. a protein group of 

cytoplasmic metal-binding enzymes and subsequences of their metal-binding sites), amino acid 

ratios were calculated relative to the subsequence length. Ratios of certain groupings of amino 

acids were also calculated, such as from the number of positively charged, bulky, or disorder 

promoting residues. These groupings were again chosen due to previous hypotheses that 

enrichment or avoidance of these changes may be associated with resistance to oxidative damage 

[265, 267, 284, 289, 358].  

https://spark.apache.org/
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4.6.7 Statistical analysis of protein groups 

For each protein group, subsequence, and associated strains, features were first l2-

normalized to unit norm using the Python package scikit-learn [359]. Features were then filtered 

for PCA following the hierarchical clustering by rank correlation coefficient method as presented 

in [284, 360]. Briefly, this clusters the features together based on Spearman rank correlation, and 

cuts off similar features over a coefficient of 0.9, keeping the feature closest to the center of the 

cluster as representative. Since the availability of features varied from prediction from sequence 

and calculation from structure, this allowed for the filtering out of redundant features when both 

predictions and calculations were available. PCA was then carried out to understand if specific 

features contributed to the differentiation of the following: 1) growth/no growth phenotypes in 

different media conditions; 2) strains with predicted higher or lower than “wild-type” (K12) 

endogenous ROS levels; and 3) annotated strain pathotypes. To do so, observation labels 

associated with these phenotypes were assigned back to the transformed data. Next, we wanted to 

identify protein groups which showed the largest separation between phenotypes. DBSCAN was 

utilized to cluster the strain phenotypes into dense clusters, and cluster homogeneity was ranked 

by a variety of measures such as the Rand index. 
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Chapter 5. 

Cellular responses to reactive oxygen species can 

be predicted on multiple biological scales from 

molecular mechanisms 

5.1 Abstract 

Catalysis using iron-sulfur clusters and transition metals can be traced back to the last 

universal common ancestor. The damage to metalloproteins caused by reactive oxygen species 

(ROS) can completely inhibit cell growth when unmanaged and thus elicits an essential stress 

response that is universal and fundamental in biology. We develop a computable multi-scale 

description of the ROS stress response in Escherichia coli. We show that this quantitative 

framework allows for the understanding and prediction of ROS stress responses at three levels: 1) 

pathways: amino acid auxotrophies, 2) networks: the systemic response to ROS stress, and 3) 

genetic basis: adaptation to ROS stress during laboratory evolution. These results show that we 

can now develop fundamental and quantitative genotype-phenotype relationships for stress 

responses on a genome-wide basis. 

5.2 Main text 

All aerobic life requires management of corrosive oxidative stress. Oxygen toxicity is 

manifested in damage to cellular components by reactive oxygen species (ROS). Cells generate 



108 

ROS endogenously when flavin, quinol, or iron cofactors are autoxidized [332]. ROS species are 

known to damage DNA, certain iron-containing metalloproteins, and other cellular processes 

[311]. In addition to inherent endogenous ROS production, eukaryotes and microbes produce 

exogenous ROS as H2O2, superoxide, or redox-cycling compounds to inflict oxidative stress on 

competitors [328]. In spite of the fundamental importance of ROS damage on cellular functions, 

we lack a framework that connects known and hypothesized individual molecular targets of ROS 

to systemic physiological responses. Here, we address this gap using a genome-scale 

computational systems biology approach focused on the processes that determine homeostasis of 

iron, which is essential for E. coli’s growth, yet is vulnerable to ROS.  

We developed a computable multi-scale description of ROS damage to metalloproteins in 

the context of metabolic function and macromolecular expression in Escherichia coli MG1655 

[287, 288, 321, 325]. To mechanistically account for metalloprotein inactivation by ROS, we 

integrated metal cofactor damage and repair pathways for 43 protein complexes involving 

mononuclear iron or iron-sulfur clusters (Fig. 1). While all of these enzymes are potentially 

inactivated, the extent of ROS damage has not been experimentally determined for most of them. 

Certain iron metalloproteins have been shown to avoid inactivation by ROS due to structural 

properties including full incorporation or solvent accessibility [282]. To account for these cases, 

we integrated protein structural property calculations [295, 361] into a Bayesian network to 

compute the probability of cofactor inactivation by ROS (Fig. S1). The resulting description is a 

computable model, referred to as OxidizeME, that accounts for 1,581 proteins that collectively 

represent up to 85% of the proteome by mass. OxidizeME makes clear interpretations and 

predictions of ROS responses, three of which are addressed below; 1) ROS and amino acid 
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auxotrophies, 2) the systemic response to ROS stress, and 3) adaptation to ROS stress during 

laboratory evolution.  
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Figure 5.1. OxidizeME: a multi-scale description of metabolism and macromolecular expression that accounts for 

damage by reactive oxygen species (ROS) to macromolecules. 

(A) Mononuclear Fe(II) proteins are demetallated by ROS and mismetallated with alternative divalent metal ions. (B) 

Iron-sulfur clusters are oxidized and repaired. (C) Unincorporated Fe(II) spontaneously reacts with H2O2 via Fenton 

chemistry, generating hydroxyl radicals that damage DNA, while the Dps protein stores unincorporated iron and 

protects DNA from damage. (D) Protein structural properties are computed to estimate the probability of metal 

cofactor damage by ROS (RSA: relative solvent accessibility). (E) Processes in A-D are integrated into a multiscale 

oxidative model, named OxidizeME. OxidizeME is used to compute the scope of macromolecular damage and the 

cellular response for varying intracellular concentrations of superoxide, hydrogen peroxide, and divalent metal ions 

(Fe(II), Mn(II), Co(II), Zn(II)), See SI for details. 
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A hallmark response to ROS damage for E. coli is the deactivation of branched-chain and 

aromatic amino acid biosynthesis pathways, which is alleviated by supplementing these amino 

acids [311]. Compared to supplementing all 20 amino acids, OxidizeME correctly predicted that 

excluding Ile and Val had a greater impact on growth rate than did excluding Phe, Trp, and Tyr 

(Fig. 2A). The reason that E. coli cannot grow under ROS stress without supplementation of 

branched-chain amino acids is that the iron-sulfur clusters of dihydroxy-acid dehydratase and 

isopropylmalate isomerase are inactivated by ROS, thus debilitating the branched-chain amino 

acid biosynthetic pathway [263]. The auxotrophy for aromatic amino acids was originally 

attributed to inactivation of the transketolase reaction [303], but was recently traced to the 

mismetallation of the mononuclear iron cofactor in 3-deoxy-D-arabinheptulosonate 7-phosphate 

(DAHP) synthase [320]. OxidizeME correctly predicted these molecular mechanisms and their 

phenotypic consequences (Fig. 2). 
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Figure 5.2. Systemic consequences of ROS stress. 

(A) Predicted growth rate under low and high superoxide concentrations with different supplementation of amino 

acids (AAs). All AAs refers to all 20 common amino acids, and “- Ile & Val” means all amino acids except Ile and 

Val were supplemented. (B) Predicted growth rate versus superoxide concentration in various sulfurous amino acid 

supplementation media. (C) Same as (B) but simulated without damage to CysI by ROS. (D) Simulated growth rate 

in varying superoxide concentrations relative to simulations with zero intracellular superoxide. (E) Growth rate of 

MG1655 with and without 0.2 µM PQ on glycolate, D-galactose. * denotes that the growth rate without PQ is 

significantly greater than that with PQ (one-tailed Welch’s t-test, P<0.01). (F) Relative growth rate of MG1655 grown 

on D-galactose, relative to that at 0 µM PQ with or without supplementation of 50 µM shikimate. * denotes that the 

relative growth rate without shikimate is significantly less than that with shikimate (one-tailed Welch’s t-test, P<0.05). 
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Meanwhile, the basis of sulfurous amino acid auxotrophy in E. coli remains inconclusive 

despite multiple investigations [294, 329]. OxidizeME correctly predicted auxotrophy for 

sulfurous amino acids (cysteine and methionine) under ROS stress (Fig. 2A). We traced a plausible 

mechanism to damage of the iron-sulfur cluster in CysI, which catalyzes the sulfite reductase step 

of Cys biosynthesis. Sulfite reductase binds four cofactors: iron-sulfur, FAD, FMN, and siroheme. 

Consistent with prior studies [277], our structural model estimated the siroheme group of sulfite 

reductase to be difficult to reach by ROS, mainly due to the depth of the cofactor binding residue. 

Previous studies showed that the iron-sulfur cluster is likely not autoxidized with molecular 

oxygen because it is not solvent-exposed [277]. However, our structural model predicted that the 

iron-sulfur cluster is reached by ROS when considering both solvent exposure and depth of the 

cluster-binding residue from the solvent accessible surface. Simulations confirmed that alleviating 

damage to sulfite reductase was sufficient to reverse the observed growth rate defect and enable 

growth at higher ROS concentrations in the absence of Cys and Met (Fig. 2B,C). Our hypothesis 

that sulfite reductase is deactivated by ROS is consistent with studies in Salmonella enterica 

showing that the activity of this enzyme is indeed reduced by elevated superoxide [362]. 

Furthermore, the deactivation of sulfite reductase is consistent with accumulation of its substrate, 

sulfite, and explains the previously-observed accumulation of sulfite [294]. We note that CysI 

inactivation does not exclude the possibility that superoxide additionally leads to cell envelope 

damage, facilitating leakage of small molecules [278]. Thus, OxidizeME can be used to understand 

and predict the basis for amino acid auxotrophies as a systemic response to specific 

macromolecular vulnerabilities to ROS. 

To investigate how environmental context affects ROS tolerance, we simulated growth 

under superoxide stress in 180 carbon sources (Fig. S2). OxidizeME predicted that glycolate and 
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D-galactose conferred enhanced and reduced ROS tolerance, respectively (Fig. 2D). To validate 

this prediction, we measured growth of E. coli MG1655 on these two carbon sources with 0.2 µM 

paraquat (PQ) and without PQ. PQ is a divalent cation that is taken up opportunistically, typically 

by polyamine transmembrane transporters, and then undergoes reduction and autoxidation cycles 

catalyzed by any of three E. coli PQ diaphorases to generate superoxide [330]. Consistent with 

OxidizeME’s predictions, PQ treatment significantly decreased the growth rate by 8% on D-

galactose (one-tailed Welch’s t-test, P=0.0057), and insignificantly (0.58% decrease) on glycolate 

(one-tailed Welch’s t-test, P=0.44) (Fig. 2E). OxidizeME suggested that biosynthesis of aromatic 

amino acids was strongly impacted by ROS in D-galactose but not in glycolate, due to a ROS-

induced bottleneck in shikimate metabolism through inactivation of shikimate kinase II (AroL). 

To validate this hypothesis, we supplemented shikimate for E. coli growing on D-galactose at 

different PQ concentrations. The relative growth rate (relative to 0 µM PQ) was significantly 

greater by 7.3% with shikimate supplementation than without shikimate at 0.4 µM PQ (one-tailed 

Welch’s t-test, P=0.041) (Fig. 2F). This result confirms our hypothesis that shikimate biosynthesis 

becomes a bottleneck under ROS stress and is consistent with our proposed mechanism that 

shikimate kinase II is inactivated. 

Next, we assessed the systemic response of E. coli to ROS stress. We measured the 

transcriptome of E. coli under superoxide stress using PQ treatment and identified 914 

differentially expressed genes (DEGs), of which 501 were accounted for in OxidizeME (Fig. 3, 

Fig. S3). In particular, 87 genes were up-regulated. Using OxidizeME, we determined that these 

87 genes were more likely activated due to damage that is specific to iron metalloproteins than to 

any other protein (P<0.001). Furthermore, of the DEGs that were correctly predicted, a large 

fraction (84%) of the repressed genes changed due to decreased growth rate from PQ treatment, 
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while 95% of the activated genes were specific responses to stress (Fig. 3). Gene expression is 

expected to respond to ROS stress directly--e.g., by up-regulating ROS detoxification genes--and 

indirectly--in response to decreased metabolic rates caused by ROS damage. The responses we 

identified as being specific to ROS, not growth rate, spanned eight cellular processes (Fig. 3): ROS 

detoxification, central metabolism, anaerobic respiration, amino acid biosynthesis, cofactor 

synthesis and repair, translation, iron homeostasis, and transcriptional regulation by the rpoS sigma 

factor. 
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Figure 5.3. Validation of the consequences and responses to ROS stress. 

Differentially expressed genes (DEGs) (|log2(fold-change)|>0.9|, FDR<0.01) that are activated (A) and repressed (B). 

Correctly predicted DEGs are distinguished from global growth-associated regulation using OxidizeME. (C) Cellular 

processes involved in a systemic response to iron metalloprotein damage by ROS. 
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To investigate the genetic basis for ROS tolerization, we deployed laboratory evolution to 

investigate how microbes adapt to tolerate high ROS stress. We adaptively evolved a glucose-

optimized strain of E. coli [323], named GLU, in parallel cultures to tolerate three different 

concentrations of PQ (400, 600, and 800 µM). Re-sequencing identified a common set of genetic 

changes consisting of mutations in ygfZ (folate-binding protein), aceE (pyruvate dehydrogenase), 

and at least one gene in the citric acid cycle: sucA (alpha-ketoglutarate dehydrogenase), gltA 

(citrate synthase), or icd (isocitrate dehydrogenase) (Table S1). The two most ROS-tolerant strains 

additionally had mutations in iscR (iron-sulfur cluster regulator), while arnA (bifunctional, UDP-

4-amino-4-deoxy-L-arabinose formyltransferase/UDP-glucuronate dehydrogenase) or pitA (metal 

phosphate:H+ symporter) were mutated in each of these two strains. These results revealed that 

relatively few mutations confer microbial ROS tolerance, unlike adaptation to thermal stress, 

which can involve dozens to hundreds of mutations [307]. 

We performed RNA-Seq measurements on the PQ-adapted strains and found cellular 

responses that contrasted with those of the wild-type (MG1655) and with GLU. These differences 

also contrast with the conventional understanding of the ROS response. ROS damages components 

of the iron-sulfur cluster (ISC) assembly pathways through mismetallation of labile iron-sulfur 

clusters on the scaffold proteins IscU and SufA [314]. Under ROS stress, conventional 

understanding would suggest that the ISC assembly pathway is repressed and the sulfur 

assimilation (SUF) system is up-regulated [270, 308, 311, 322].  

IscR regulates the transcription of both ISC and SUF based on coordination of 2Fe-2S at 

its Cys92, Cys98, and Cys104 residues [306, 308]. In the two most ROS-tolerant strains, we 

observed the mutation C104S in iscR. This mutation may hinder IscR’s ability to incorporate 2Fe-

2S and therefore to regulate expression of the ISC and SUF systems under ROS stress. Consistent 



118 

with deactivation of IscR, we observed expression of ISC and SUF in PQ-adapted strains that was 

opposite to the unadapted response, where ISC genes are repressed and SUF genes are up-

regulated. When treated with 0.6 mM PQ, the most ROS-tolerant strain (PQ3) down-regulated the 

entire sufABCDSE transcription unit. Furthermore, compared to GLU, the PQ3 strain showed 

higher expression of the ISC pathway by up-regulating the iscRSUA and hscBA-fdx-iscX 

transcription units in 0.2 mM PQ.  

This evolved response directly opposes that of wild-type MG1655 and GLU, which both 

down-regulated ISC genes and up-regulated sufA. These results show that E. coli does not 

necessarily rely on SUF under ROS stress, and that up-regulation of ISC may be integral for 

adaptation to higher ROS concentrations. OxidizeME correctly predicted up-regulation of the ISC 

system and repression of sufABCDSE under high ROS stress based on the relative cost-efficiency 

of Fe-S cluster biosynthesis from each respective system. 

The use of iron-sulfur clusters and transition metals to catalyze biological processes can be 

traced back to the last universal common ancestor [274] and ROS stress has a profound impact on 

all aerobic life forms. Thus, OxidizeME represents a fundamental advance in our understanding 

of stress-response mechanisms as it provides a genome-wide description of metabolism, protein 

expression, prosthetic group engraftment, and ROS protecting mechanisms, that all together 

account for up to 85% of the proteome by mass. Finally, the ability to quantitatively and 

mechanistically describe responses to ROS damage of ancient conserved molecular targets has 

broad implications for organisms across the tree of life. 

5.3 Materials and Methods 

5.3.1 Demetallation and mismetallation of mononuclear iron enzymes 
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We assume that metallation occurs rapidly and is close to equilibrium [70]. Therefore, the 

concentrations of metal and complexes will depend on stability constants. Demetallation of 

mononuclear iron enzymes occurs with rate constants (kcat/KM) of 103 to 104 M−1s−1 in vitro [310]. 

We added reactions for mismetallation of mononuclear iron enzymes by alternate metals. The keff 

was scaled relative to Fe2+ for enzymes mismetallated with Mn2+, Co2+, and Zn2+, based on 

published data [271, 359]. We know the total metal concentrations and some free concentrations 

[70]. We then fix the metal concentrations within these ranges. We then use proteomics to 

constrain the total enzyme concentrations. We assume that metallation proceeds rapidly and 

sufficiently close to equilibrium [70] that apoenzyme concentrations and dilution are negligible. 

5.3.2 Limits of ROS damage rates 

The KM of catalase for H2O2 is 8.65×107 nM [363], which represents a lower limit KM for 

reaction of H2O2 with the mononuclear metal or Fe-S cluster enzymes. Under glucose aerobic 

conditions, H2O2 concentration is around 50 nM. At 200 nM, OxyR is activated, and at 400 nM, 

growth defects are observed [310]. Therefore, for a viable cell, the H2O2 concentration is far below 

KM and we can approximate the damage rate as vdmg ≈ kcat/KMES, where E and S are enzyme and 

H2O2 concentrations, respectively. Values for kcat/KM for dehydratase and mononuclear iron 

enzymes range from 103 to 104 M−1s−1 [310]. We thus used a lower limit of 103 M−1s−1 and created 

an ensemble of damage scenarios where damage rate constants varied within this range. Thus, at 

50 nM H2O2, effective rate constants (i.e., keff = kcat/KMS) were between 5 × 10−5 to 5 × 10−4 s−1 

and at 400 nM H2O2, k
eff was between 4 × 10−4 to 4 × 10−3 s−1. 

Similarly, rate constants for damage by O−
2 exceed 106 M−1s−1 [310]. Thus, at a basal O−

2 

concentration of 0.2 nM, keff of damage by O−
2 is about 2 × 10−4 s−1. 
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5.3.3 Modeling damage rates as functions of ROS concentration 

We simulate ROS damage and repair by specifying intracellular ROS concentrations, 

which affect effective rate constants of damage and detoxification enzymes. Assuming ROS 

concentrations are much smaller than KM of damage reactions, individual damage fluxes are 

coupled to enzyme abundance as follows: 

𝑣𝑑𝑚𝑔 = 𝑘𝑐𝑎𝑡 𝐾𝑀[𝑅𝑂𝑆]𝐸⁄ = 𝑘𝑒𝑓𝑓
𝑑𝑚𝑔 𝑣𝑑𝑖𝑙

𝜇
 

Thus, damage fluxes are proportional to ROS concentration and abundance of the damageable 

protein. Generated ROS is either detoxified or damages macromolecules: 

∑ 𝑠𝑗𝑣𝑗

𝑗∈𝐷𝑎𝑚𝑎𝑔𝑒𝑑

+ ∑ 𝑠𝑗𝑣𝑗

𝑗∈𝐷𝑒𝑡𝑜𝑥

= ∑ 𝑠𝑗𝑣𝑗

𝑗∈𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑

 

[𝑅𝑂𝑆] = [𝑅𝑂𝑆]𝑑𝑒𝑡𝑜𝑥 + [𝑅𝑂𝑆]𝑑𝑎𝑚𝑎𝑔𝑒 

= ∑
𝑣𝑗𝜇

𝑘𝑒𝑓𝑓,𝑗𝑣𝑗
𝑑𝑖𝑙

+ ∑
𝑣𝑗𝜇

𝑘𝑒𝑓𝑓,𝑗𝑣𝑗
𝑑𝑖𝑙

𝑗∈𝐷𝑎𝑚𝑎𝑔𝑒𝑗∈𝐷𝑒𝑡𝑜𝑥

 

Thus, increased detoxification decreases the ROS left to damage macromolecules. The 

concentration of ROS that is not detoxified determines the rate of macromolecule damage. For a 

fixed [ROS], OxidizeME determines the optimal distribution of ROS between detoxification and 

damage. Typically, detoxification will be maximized until its capacity is exceeded. We also 

assume [ROS] concentrations do not change at steady-state: 

𝑑[𝑅𝑂𝑆]

𝑑𝑡
= ∑ 𝑠𝑗𝑣𝑗

𝑗∈𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛

− ∑ 𝑠𝑗𝑣𝑗

𝑗∈𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛

= 0 

5.3.4 Solving the OxidizeME model as an optimization problem 

Combining all new variables and constraints, the final OxidizeME optimization problem 

for maximizing growth rate subject to oxidative stress is the following: 
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max
𝜇,𝑣

  𝜇 

𝑠. 𝑡.   𝑆𝑣 = 0 

𝑣𝑑𝑚𝑔 =
𝑘𝑐𝑎𝑡

𝐾𝑀
∙ [𝑅𝑂𝑆] ∙

𝑣𝑑𝑖𝑙

𝜇
 

𝑣𝑗
𝑑𝑚𝑔

− 𝑣𝑗
𝑟𝑒𝑝𝑎𝑖𝑟 − 𝑣𝑗

𝑑𝑖𝑙 = 0 

𝑣𝑗
𝑑𝑖𝑙 =

𝜇

𝑘𝑟𝑒𝑝𝑎𝑖𝑟,𝑗
𝑣𝑗

𝑟𝑒𝑝𝑎𝑖𝑟, 𝑗 ∈ 𝐷𝑎𝑚𝑎𝑔𝑒𝑑𝐶𝑜𝑚𝑝𝑙𝑒𝑥 

𝑣𝑖
𝑚𝑒𝑡 =  

𝛽𝑖[𝑀𝑒𝑡𝑎𝑙 𝑖]

𝛽𝐹𝑒[𝐹𝑒(𝐼𝐼)]
∙ (∑ 𝑣𝐸:𝐹𝑒

𝑑𝑒𝑚𝑒𝑡 + 𝑣𝐸:𝐹𝑒
𝑑𝑖𝑙

𝑗

), 

𝑖 ∈ 𝐴𝑙𝑡𝑀𝑒𝑡𝑎𝑙𝑠 

where W is the cell specific weight (gDW/L) = 278 ∗
10−15𝑔𝐷𝑊

6.8∗10−16𝐿
, µ is the specific growth rate 

(1/h), [E], [E:i], [i] are concentrations (M) of apoenzyme, holoenzyme, and metal ions, 

respectively, 𝐴𝑙𝑡𝑀𝑒𝑡𝑎𝑙𝑠 =  {𝑍𝑛(𝐼𝐼), 𝑀𝑛(𝐼𝐼), . . . }, and βk are metal-protein stability constants 

(M). 

5.3.5 Protein structural property computation 

To enable a structural systems biology approach of computing ROS damage probabilities 

for each metal-binding enzyme in the OxidizeME model, we utilized the GEM-PRO pipeline [273] 

implemented in the ssbio Python package [309] to gather all available protein structures for model 

enzymes from the Protein Data Bank [285]. We set a single representative structure for each 

enzyme based on the following four factors: 1) sequence identity and coverage of the wild-type 

amino acid sequence; 2) presence of the annotated metal binding site 3) presence of the model-

annotated metal ion; and 4) presence or absence of any model-annotated cofactors other than the 

metal ion. The MetalPDB database [312] was used to expedite this analysis. We used homology 
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models from the I-TASSER pipeline if no experimental structure was available [313]. We used 

these models to compute structural properties that would help determine if a metal cofactor was 

damaged by ROS. Specifically, we built a Bayesian network (Fig. S1) using the pomegranate 

Python package [280]. The conditional nodes of the Bayesian network are: A) the probability of 

ROS reaching the metal-binding site which depends on 1) the maximum solvent accessibility of 

each of the metal-binding residues computed by FreeSASA [278] as well as 2) its associated depth 

computed by MSMS [286]; and B) the probability of ROS damaging the metal-binding site which 

depends on A), as well as if the site uses a cysteine residue for binding or is in a 5 Å radius around 

the binding site as computed using Biopython PDB [279] and MetalPDB [312]. The damage 

probability is then used to scale damage rates in the OxidizeME model.  

5.3.6 Differentiating stress–specific from growth-associated responses 

We simulated transcriptomes over lowered growth rates using two models—one 

accounting for stress and the other not. The growth rate was determined by the stress model over 

increasing superoxide concentrations, leading to lowered growth rate, and this growth rate was 

used for the non-stress model. DEGs that were correctly predicted by the stressed model but not 

the unstressed model were considered to be stress-associated. DEGs that were correctly predicted 

by the unstressed model, and were not considerably more differentially expressed by the stressed 

model were considered growth-associated.  

5.3.7 Classifying differentially expressed genes under oxidative stress using OxidizeME 

We used OxidizeME to classify genes as activated, repressed, or unchanged in expression 

in response to ROS stress. To do so, we computed the change in transcription rates of all 

transcription units in the model for intracellular superoxide concentrations ranging from 2e-10 to 
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2e-9, which is approximately 10 to 100 times the concentration under aerobic growth without PQ 

treatment. We then used the average of these computed transcription rate changes. Because certain 

genes changed expression nonlinearly with superoxide concentration, including exhibiting an 

inverse response, and because the transcription rate change depends on the reference state 

simulation, we also computed the Spearman rank correlation of transcription rate with superoxide 

concentration. Thus, if a gene had a lower relative rate than the reference but its rate was positively 

and significant (P < 0.05) correlated with superoxide, we used this Spearman rank value as the 

predictor of expression change. 

We then classified genes as activated or repressed based on a threshold transcription rate 

change, which we varied and investigated using a precision-recall curve. The best classifier could 

then be chosen using the threshold maximizing 𝐹 = 2 ∙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∙𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
 (Fig. S3). 

5.3.8 OxidizeME software 

All code used to build and use OxidizeME is available at 

https://github.com/SBRG/oxidizeme. 

5.3.9 RNA sequencing 

RNA-sequencing data were generated under conditions of exponential-phase, aerobic 

growth in glucose M9 minimal media with appropriate concentration paraquat. Cells were washed 

with Qiagen RNAprotect Bacteria Reagent and pelleted for storage at -80 ◦C prior to RNA 

extraction. Cell pellets were thawed and incubated with Readylyse Lysozyme, SuperaseIn, 

Protease K, and 20% sodium dodecyl sulfate for 20min at 37 ◦C. Total RNA was isolated and 

purified using the Qiagen RNeasy Mini Kit columns, following vendor procedures. An on-column 

DNase-treatment was performed for 30 min at room temperature. RNA was quantified using a 

https://github.com/SBRG/oxidizeme
https://github.com/SBRG/oxidizeme
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Nano drop and quality assessed by running an RNAnano chip on a bioanalyzer. Paired-end, strand-

specific RNA-seq was performed following a modified dUTP method [269]. The rRNA was 

isolated using Epicentres Ribo-Zero rRNA removal kit for Gram Negative Bacteria. Sequences 

were run on an Illumina HiSeq using a KAPA Stranded RNA-seq kit. 

Reads were mapped to the E. coli K12 MG1655 Genome (NC 000913.2) with bowtie2 

[307]. Expression levels in fragments per kilobase per million mapped (FPKM), and differentially 

expressed genes (DEGs) were found using DESeq2 [293]. A fold-change of 1.5 and FDR-adjusted 

p-value cutoff of 0.05 were used to call significant differential expression. 

5.3.10 Adaptive laboratory evolution and phenotypic profiling 

The starting strain for ROS tolerization adaptive laboratory evolution was taken from 

previous adaptive laboratory evolution study (insert reference) where E. coli strain MG1655 

(ATCC47076) was evolved under 4 g/l glucose M9 media. Throughout the experiment, all the 

strinas were cultured in flasks filled with 15 ml of 4 g/l glucose M9 media with varying 

concentrations of paraquat. Each flask was aerated by a magnetic stirrer at 1,100 rpm. The 

temperature of the cultures were kept at 37 ◦C by being placed in a heat block. The starting strains 

were inoculated into 15 ml of 4 g/l glucose M9 media with 0.01 mM of paraquat and cultured 

overnight to reach stationary phase. 800 µl of each culture was then inoculated into three 

independent flasks containing 15 ml of 4 g/l glucose M9 media with 0.1 mM of paraquat. For each 

flask, OD at 600 nm was measured four times while the OD of the culture was within 0.05-0.3 

ranges. Once the OD reaches 0.3, 800 µl of the culture was passed into a new flask. Based on the 

growth rate of the previous flask, the sampling time points were calculated so that they would 

evenly spread out to capture accurate growth rate. The slope of the least-squares linear regression 

line that fits the logarithm of the OD measurements was taken as the growth rate. 
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While doing the tolerization adaptive laboratory evolution experiment, the concentration 

of paraquat was increased by 0.1 mM whenever the culture has been passed at least three times 

without increasing the paraquat concentration and the most recent growth rate was above 0.5. The 

concentration of paraquat is also increased by 0.1 mM whenever the culture has been passed at 

least six times without increasing the paraquat concentration and the most recent growth rate was 

in between 0.15 and 0.5 h−1. 

Periodically, 800 µl of culture samples were mixed with 800 µl of autoclaved 50% glycerol 

solution and stored at -80◦C. Glucose M9 media consisted of 4 g/l glucose, 0.1 mM CaCl2, 2.0 mM 

MgSO4, 1x trace element solution and 1x M9 salts. 4000x trace element solution consisted of 27 

g/l FeCl3*6H2O, 2 g/l ZnCl2*4H2O, 2 g/l CoCl2*6H2O, 2 g/l NaMoO4*2H2O, 1 g/l CaCl2*H2O, 

1.3 g/l CuCl2*6H2O, 0.5 g/l H3BO3, and concentrated HCl dissolved in ddH2O and sterile filtered. 

10x M9 salts solution consisted of 68 g/l Na2HPO4 anhydrous, 30 g/l KH2PO4, 5 g/l NaCl, and 10 

g/l NH4Cl dissolved in ddH2O and autoclaved. 

5.3.11 DNA sequencing 

Selected cultures were streaked on to Lysogeny Broth (LB) agar plates and grown 

overnight at 37 ◦C. The genomic DNA of the isolated colonies was extracted using Promegas 

Wizard DNA Purification Kit. The quality of DNA was assessed with ultraviolet absorbance ratios 

using a Nano drop. DNA was quantified using Qubit dsDNA High Sensitivity assay. Paired-end 

resequencing libraries were generated using a Kapa Hyper Plus kit from Kapa Biosystems 

(Wilmington, MA). Sequences were obtained using an Illumina NextSeq with a NextSeq 500/550 

High Output Kit v2 (300 cycles). The breseq pipeline [324] version 0.30.2 with bowtie2 [307] was 

used to map sequencing reads and identify mutations relative to the E. Coli K12 MG1655 genome 
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(NCBI accession number NC 000913.2). All samples had an average mapped coverage of at least 

25x 
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Chapter 6. 

Conclusions and Future Directions 

6.1 Conclusions 

Much of the motivation for this dissertation was originally driven by the promise of 

discovery in the relatively unexplored realm of structural systems biology. It is easier said than 

done to attempt to combine the theories and ideologies of distinctly different fields in 

computational biology. The initial challenge presented itself as somewhat of a mundane one, with 

logistical challenges of grunt work and reproducibility. However, therein lied opportunity for 

software to be written and educational outreach to be conducted. One of my personal goals with 

the work presented here was to provide robust tools and examples for the merging of these two 

fields to continue to find its footing.  

In this dissertation, each application was enabled by this integrative approach. What was 

originally a mish-mash of scripts and custom workflows matured into a Python package which 

sparked new collaborations with my colleagues and beyond. Taking an analogy to different 

magnification levels on a microscope, the structural systems biology approach allows one to start 

exploring biological questions from a zoomed-out view of cellular networks, while retaining the 

ability to zoom in to the atomic detail provided by protein structures. With that in mind, we have 

attempted here to zoom in almost as far as molecular modeling tools allowed us to in understanding 

the impact of mutational changes on structures and systems. Zooming out, we then utilized 

genome-scale models as a knowledgebase to compare features of the structural proteome in 

different strains and species. Finally, we have informed systems-level simulations with structural 
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parameters to enable new capabilities in metabolic modeling (Figure 1). These studies have further 

extended the GEM-PRO methodology, with an overarching goal of reaching out to both the 

systems and structural biology communities. 

 

Figure 6.1. Integrating metabolic systems biology with protein structures brings the promise of structural systems 

biology (a) and applications within multiple areas of study (b). 

6.2 Future Directions 

There remains much to be gained from the integration of molecular-level details into 

systems approaches to modeling. One obvious, perhaps currently intractable model that could be 

built, is a detailed representation of the protein folding and repair machinery in response to all 

types of cellular stress. We have attempted to do so for the context of thermal stress [34], and these 

types of models provide the groundwork for true multi-scale modeling in wide-ranging 

applications such in understanding the complicated repair response to oxidative stress or creating 

models of aging processes. In the biotechnology space, metabolic models alone have proved their 
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worth in engineering yeast and bacteria to synthesize high-value chemicals [275, 330, 364]. 

However, a common challenge lies in the optimization of certain enzymes in synthesis pathways, 

and structural approaches to enhance low-performing components could be the ultimate step in the 

quest for efficient biosynthetic processes. 

Technical issues and computational bottlenecks also must be addressed. The prediction of 

kinetic rate constants across an entire metabolic network with quantum mechanics/molecular 

mechanics (QM/MM) methods is most definitely decades away. However, there has been much 

work done in scaling up and coarse-graining molecular modeling simulations [69], and in one 

example even enabled the dynamic simulation of an entire cytoplasm [321, 342]. The interest of 

the molecular modeling community in bringing their methods to the systems-scale is absolutely 

required to integrate the best of both worlds.  

In what can be considered another branch of systems biology, a deep understanding of the 

interactome - including macromolecular interactions, signaling networks, and regulatory networks 

- still evades us. Modeling protein-protein and protein-DNA interactions within a cell may be one 

of the biggest challenges to overcome since so many of these interactions are transient, difficult to 

measure experimentally, and unreliably predicted computationally [23, 277, 336]. Inspecting and 

measuring condition-dependent states of cells provides us with small but incremental steps towards 

elucidating the interactome.  

Lastly, what I consider to be the “final frontier” of structural systems biology would be an 

accurate visual model of a cell, incorporating all known interactions, localizations, enzymes 

complexes, etc. (Figure 2). The construction of this model would serve as a proof-of-concept that 

we actually do, in fact, understand a large portion of a model organism enough to visualize it 

computationally. This could serve as a starting point for large-scale molecular modeling 
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simulations, for mathematical systems models incorporating principles of diffusion and cell size, 

and for contextualization of interactome data. On the flip side, a visual model would be a rich entry 

point for students and non-scientists to begin to learn about the basics of life right down to the 

atomic level.  

 

Figure 6.2. A proposed workflow to generate a visual model of an E. coli cell. 

To build a high-level visual model of a cell, certain experimental data and computational techniques are required. This 

proposed model integrates proteomics data measuring copy numbers of individual protein subunits [365], established 

pipelines for the annotation of structural information [27, 301], simulations of protein complex usage within a 

metabolic network [357, 362], a model of the compacted E. coli chromosome [305], publicly available three-

dimensional tomograms, and finally, an algorithm to “pack” the components into the cell [329]. 
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