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Abstract

A critical body of knowledge has developed through advances in protein microscopy, protein-
fold modeling, structural biology software, availability of sequenced bacterial genomes, large-
scale mutation databases, and genome-scale models. Based on these recent advances, we
develop a computational framework that; i) identifies the oligomeric structural proteome
encoded by an organism’s genome from available structural resources; ii) maps multi-strain
alleleomic variation, resulting in the structural proteome for a species; and iii) calculates the
3D orientation of proteins across subcellular compartments with residue-level precision.
Using the platform, we; iv) compute the quaternary E. coli K-12 MG1655 structural proteome;
v) use a dataset of 12,000 mutations to build Random Forest classifiers that can predict the
severity of mutations; and, in combination with a genome-scale model that computes
proteome allocation, vi) obtain the spatial allocation of the E. coli proteome. Thus, in
conjunction with relevant datasets and increasingly accurate computational models, we can
now annotate quaternary structural proteomes, at genome-scale, to obtain a molecular-level
understanding of whole-cell functions.

Significance

Advancements in experimental and computational methods have revealed the shapes of
multi-subunit proteins. The absence of a unified platform that maps actionable datatypes
onto these increasingly accurate structures creates a barrier to structural analyses, especially
at the genome-scale. Here, we describe QSPACE, a computational annotation platform that
evaluates existing resources to identify the best-available structure for each protein in a
user’s query, maps the 3D location of actionable datatypes (e.g., active sites, published
mutations) onto the selected structures, and uses third-party APIs to determine the
subcellular compartment of all amino acids of a protein. As proof-of-concept, we deployed
QSPACE to generate the quaternary structural proteome of E. coli MG1655 and demonstrate
two use-cases involving large-scale mutant analysis and genome-scale modelling.
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This study presents an important platform for mapping mutation effects onto
higher-level protein structural information, addressing a significant gap in current
research. While the work is ambitious and incorporates often-overlooked aspects of
higher-order structure, the strength of the evidence supporting some results seems
incomplete. The quaternary structure modeling appears to underestimate
oligomeric proteins compared to previous studies, and the mutation analysis lacks
crucial baseline information. Despite these limitations, the method has potential for
broader applications and generalization to additional organisms, warranting further
development and refinement.

https://doi.org/10.7554/eLife.100485.1.sa2

Introduction

The proteome of the cell is responsible for metabolite uptake and secretion, genetic information
processing and replication, energy production, and all other processes required for maintaining
cellular homeostasis. Before becoming a functional unit of this multi-scale system, a protein must
fold properly into its native three-dimensional shape. This folding process is also multi-scale. A
peptide sequence (primary sequence) associates locally to form small recognizable patterns (e.g.,
alpha-helices and beta-sheets). Often stabilized by disulfide bridges and physiochemical attraction,
these secondary structures fold onto each other to form larger recognizable domains, resulting in
the three-dimensional structure of the protein monomer (tertiary structure). These protein
monomers often oligomerize and form multi-subunit enzymes (quaternary structures) that carry
out the functions in the cell.

Structural biology—the study of protein shape and function—has advanced rapidly in recent
years. For proteins that form large multi-subunit complexes and for those spanning the cell
membrane, the three-dimensional shape was particularly difficult to study with classical
crystallographic techniques. The development of cryogenic electron microscopy — a method that
images thin slices of a protein frozen in its native state (much like a biopsy)—has drastically

increased the speed and ease by which these previously unknowable protein structures can be
183-5C2

resolved.... 2. Concurrently, computational methods have also experienced increasing success
in accurately predicting protein structures® =195, Most recently, deep learning algorithmsllg‘?.‘
1202

............ (e.g., AlphaFold) have utilized multiple sequence alignments and incorporated biophysical
knowledge about protein structure to predict the shape of proteins without homologous structures
in the Protein Data Bank..=.=.. Even more promising, these algorithms can be “hacked” to predict

the structures of oligomeric assemblies of protein complexesl.‘.l..l._.—’.',... Recent benchmarking efforts

have confirmed the accuracy of homodimer AF-multimer models'>%. and have subsequently been

. . o g 7
used for homo-oligomeric predictions'8..

Although structural biology can offer molecular insights into a protein’s shape and function,
mutations in key domains can change the enzymatic properties and modulate a protein’s function.
Changes in protein function can be either beneficial (e.g., an increase in stability of the active
form) or detrimental (e.g., a loss of substrate binding efficiency). Protein engineering employs a
variety of techniques to find mutations that produce a desired phenotype. One such technique,
multiplex automated genomic engineering (MAGE)!”2, can introduce many mutations with
unknown effects at specific sites in the genome. Mutations that result in the desired phenotype can

then be selected for. Laboratory evolution, an experimental approach involving the serial passage
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of a cell population in an increasingly stringent selection pressure, can speed up the evolutionary
process and beneficial mutations can be identified by sequencing the endpoint strain! 802~
The dramatic decrease in sequencing costs in the last ten years has allowed for many mutations
identified by these experimental techniques to be collected in databases.

Concurrent with advancements in structural biology and the formation of large-scale mutation
databases, systems biology—the study of systems-level cellular behavior— was driven by the
development of genome-scale models (GEMs) of cellular metabolism that predict gene essentiality,

growth phenotypes, and proteome allocation in a few organisms%lg’)..‘.%ﬁ...cf’y... Software (e.g.,

sshio?” ) was developed to map available structural information to these modeled proteomes.
Structural systems biology—the study of structural biology at the systems-level—has incorporated
protein structures into genome-scale models (GEM-PROs) to study protein-fold evolution and
investigate structural differences between organisms%.s...'.—.—'.',..’.‘?’.g.@.. Notwithstanding the incorporation
of protein information at the monomer-level, the use of GEM-PROs is the most recent step towards

building genome-scale models that reflect the physical nature of the cellular proteome.

Given the availability of high-quality protein structures and structural models that capture the
shape of multi-subunit complexes, the deposition of mutation-phenotype information into large-
scale databases, and the development of genome-scale models of cellular proteome allocation, the
creation of a genome annotation platform with interoperability between structural, functional,
mutational, and systems-level information is now possible.

In this study, we present the Quaternary Structural Proteome Atlas of a CEll (QSPACE) — a
computational annotation platform that 1) utilizes state-of-the-art modeling software (e.g.
Alphafoldllg’).. & Alphafold Multimer'4%”) and the latest crystallographic depositions to identify a
three-dimensional structural representation that accounts for the multi-subunit assembly of the
cellular proteome; 2) calculates structural properties of the proteome; 3) provides a three-
dimensional context to map functional information including enzymatic domains, binding sites,
and protein interfaces; 4) draws mutational information from large-scale databases of laboratory-

acquired mutations??Z-3% 352 and of the wild-type natural sequence diversity (alleleome) of E.

coli..3.§..‘_.4.; and 5) calculates the subcellular compartmentalization of the proteome with residue-

level resolution.

The QSPACE platform allows users to rapidly interact with protein structural data for biological
inquiries ranging from the single-protein to the genome-scale (GS). Using E. coli as an example, we
present two separate genome-scale applications of the QSPACE platform to demonstrate its broad
applicability. First, we exploit QSPACE’s superimposition of mutant datasets and annotated
functional domains on the protein structure to calculate 100 residue-level features for over 12,000
published E. coli mutations in UniProt?Z.@, allowing us to build RF-classifiers capable of predicting
the severity of amino acid substitutions. Second, we showcase how QSPACE’s subcellular
compartmentalization of the protein structures advances genome-scale modelling efforts. By
calculating the size (volume, and, when applicable, the cross-sectional area of membrane proteins)
of E. coli protein structures and incorporating them into iJL1678b=".--—a genome-scale model that
predicts the macromolecular expression (80%, by mass) of E. coli MG1655—we are able to predict
the physical space (across multiple subcellular compartments) required by the computed
proteome of Escherichia coli K-12 MG1655 at optimal growth rate. To our knowledge, this
QSPACE/GEM-PRO is the most comprehensive whole-cell approach that captures the 3D nature of
the E. coli structural proteome. As structural, mutational, and functional knowledge is discovered,
and GEMs are developed with increasing specificity, QSPACE can provide a method to rapidly
integrate all information related to the structural proteome for an increasing number of
organisms. QSPACE can be deployed for any organism following the tutorial python notebook
available at https://github.com/EdwardCatoiu/QSPACE/ 4.
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Results

Overview of the QSPACE platform

The Quaternary Structural Proteome Atlas of a Cell (QSPACE) is an annotation platform that
compiles available structural data from the latest structural biology efforts to obtain a 3D
representation of all codon positions in a genome — complete with residue-level biophysical,
chemical, and mutational data (see Table S1 for details). The QSPACE of E. coli is presented as a
CSV file in Dataset S1. The two user-defined inputs to the QSPACE platform (Fig. 1a(@) are i) a list
of gene IDs and ii) a dictionary of protein complexes and the associated stoichiometric ratio of the
genes that make up each complex (Dataset S2A). QSPACE automatically downloads all protein

the 3D coordinate file (i.e. “structure”) that best reflects the user-defined (input #2) multi-subunit
protein assembly (Fig. 1b (2, details in Fig. 2(@). When no available structures can accurately
reflect the gene-stoichiometry of a protein complex, QSPACE will attempt to generate models for
the protein structure using an external GoogleColab notebook running AlphaFold Multimer!4%.

(v2.0 via ColabFold38%).

The thresholds used by QSPACE to assess the accuracy of selected protein structures are described
in the text accompanying Figure 2@ and in the methods section. All quality metrics related to
protein structures for the E. coli QSPACE are provided in Dataset S3. By exploiting previously
published repositories of protein structures, QSPACE reduces the threshold of interacting with
genome-scale structural data to the order of days. Depending on user-preferences, QSPACE can
function with all or some of the structural repositories used in this manuscript and can easily
accommodate structural data from new sources as they become available.

Once the structure file representing the quaternary assembly of each protein is determined,
multiple software packages and databases (see Table S1) are used to map physio-chemical,
evolutionary, and functional information to the protein structures (Fig. 1c@). The 3D overlay of
multiple data types (details in Fig. 3(@) creates potential for many analysis tools (e.g., Fig. 43).
The amino acids in each protein are then assigned to one of twelve subcellular compartments; and
those representing the membrane fraction of the proteome are oriented across one of the E. coli
membranes (Fig. 1d @, details in Fig. 5). These structures can be integrated with genome-scale
systems models to add a 3D understanding of the biophysical/spatial allocation of the proteome in
a functioning cell (see Fig. 6 2). Users of QSPACE can bypass the mapping of any of these datasets
if they are not relevant to their research, or not available for their organism.

As an example, we apply QSPACE to the genome of E. coli K-12 MG1655 (Fig. 1e 2, Dataset S1) and

identify the quaternary structural representation of its oligomeric proteome—as defined by the
392

Selecting from both experimentally resolved structures deposited in the Protein DataBank (RCSB-

PDB)!2%. and from structural models calculated using protein modeling methods (ITASSER8%Z,

3D position of 94% (on average) of the amino acids belonging to 3,985 annotated E. coli proteins
(Fig. 1f 2, Dataset S3A). The set of structures that QSPACE maps to the E. coli structural proteome

can be used as 3D scaffolds to map multiple structural, functional, mutational, and spatial data
types (Fig. 1g@).
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Figure 1

The Quaternary Structural Proteome Atlas of a CEll is a genome-
scale annotation platform that was applied to the E. coli proteome.

(a) The QSPACE platform requires two user-defined inputs: a list of gene(s) and dictionary of proteins and their associated
gene-stoichiometric ratios. User-defined proteins can be oligomeric or monomeric. QSPACE accommodates residue-level
sequence variation (the alleleome3®%. was used in this study). (b) QPACE identifies (or generates w/AF-multimer) the protein
structure/model that best reflects the gene-stoichiometry of each user-defined protein complex (details in Figure 2a 2). The
resulting structures (c) are analyzed using various software packages to calculate physicochemical properties and to identify
evolutionary variable regions and functional domains (details in Figure 3a ). (d) The structures are localized to their
subcellular compartments and membrane-embedded structures are oriented across the membrane, resulting in a three-
dimensional representation of (e) the structural proteome of an organism. (f) The amino acids of protein complexes are
mapped to protein structures with varying levels of coverage (mean = 0.94) in E. coli. (g) Genome-scale counts of the unique
codon positions belonging to various computed categories are shown.
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Figure 2

QSPACE yields 3D structures that reflect the oligomeric nature of multi-subunit proteins.

(a) There are three ways that QSPACE's protein-structure module finds the 3D structural representation for the user-defined
gene-stoichiometry of a protein (target). (i) For each protein target (/eft), all structures that share genes with the protein are
identified (center left) and combined (if applicable) to recreate the user-defined gene-stoichiometry (center right). If multiple
matches are found, the structure that most accurately reflects the complete protein is selected (right). (ii) Sometimes, only
higher-order structures of the protein-target are identified (center left). After QCQA of the relevant quality metrics associated
with each structure (see Fig. S9, Methods 3.1), the highest confidence oligomeric structure is used to redefine the gene
stoichiometry for the protein (‘new complex’, right). (iii) If identified structures are unable to recreate the protein in its
entirety (‘missing subunits’, center left), Alphafold Multimer is used to predict the structure (<2000 AAs) and the quality of the
resulting oligomeric models are assessed (see Fig. S11, Dataset S9). (b) To achieve a multi-subunit representation of the E. coli
proteome, structures or models from various sources are used. Unlike previous GEM-PROs, QSPACE accommodates
monomeric and k-meric Alphafold models. (c) The protein-to-structure module yields 3D structures that represent the
oligomeric nature of the E coli proteome. This representation is further improved using structural data to correct existing
protein-gene stoichiometry and with Alphafold Multimer to calculate novel oligomeric structures, (d) allowing for a truer
accounting of higher-order oligomeric proteins. (e) The QSPACE platform generated 50 novel structures for ABC-transporters
in E coli. The pLDDT scores are used to color the AF-Multimer models. The associated AlphaFold Model Score (see Fig. S11,
Dataset S3) is displayed in the bottom right. Asterisks are used to denote incomplete models resulting from incorrectly
defined gene-stoichiometries or from protein size limitations of ColabFold. Existing PDB structures are shaded.
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Figure 3

Multi-dimensional QSPACE features to predict mutant phenotypes.

(a) QSPACE calculates 100 properties (residue-level, sequence-level, and structure-level) for all amino acids. (right) The
mapping of the three-dimensional location of functional domains on the protein structure enables the calculation of a
mutation’s proximity to important protein regions. (b) (left) UniProt mutations and their annotated phenotypes, are mapped
to QSPACE and (right) can be classified into general categories that reflect mutant severity. (c) Annotated phenotypes and
multi-dimensional properties for 12,000 UniProt mutations mapped to the E coli QSPACE (Dataset S5) can be used to train RF-
classifiers that can predict the effect of a mutation (see Fig. 42 ). We suggest the application of these classifiers to novel
mutant datasets, (e.g. mutations in adaptive laboratory evolution experiments (ALE), the long-term evolution experiment
(LTEE) and the alleleome are already mapped to the E coli QSPACE in Dataset S1).
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Random-forest prediction of mutant phenotypes in UniProtKB.

(a) QSPACE finds 4,299 mutants with known phenotypes in proteins containing active sites. The mutational properties
(‘features’) of the amino acid residue (grey), the 5 amino acid long sequence centered at the mutation (yellow), and the local
3D protein structure (green) are calculated (see Fig. 3@). The numbers inside the boxes describe the number of features
used. Random Forest Classifiers are trained on (top, “0D") residue-level parameters; (middle, “1D") residue and sequence-
level parameters; and (bottom, “3D") residue, sequence, and structure-level parameters. For RF-classifiers initially trained on
more than 30 parameters, the least predictive parameter is removed until the 30 most-predictive parameters are identified.
(b) “One vs Rest” receiver operating characteristic curves and precision-recall curves are calculated from the averages of 100
RF-classifiers trained on the 3 different sets of parameters. The shaded region represents 1 standard deviation. (c) The
importance of individual features for “3D" RF-classifiers is determined. MUT- and MUT+ reflect pre- and post-mutation
sequence properties, respectively. The radius of the 3D environment is described where applicable. The interoperability of
multiple datatypes in QPSACE allows for the calculation of a mutation’s proximity to the nearest active site—the third most
important feature in determining mutant severity. (d) QSPACE can be used to analyze mutations found in proteins containing
various functional domains. (e) The weighted (by phenotype class) area under the curve (AUC) is calculated from the ROC
and P-R curves in Panel B for RF-classifiers (3 parameter sets x 100 RF-classifiers) for each functional domain. (f) The
cumulative importance of residue, sequence, and structure features in “3D" RF-classifiers of mutations in proteins containing

each domain.
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(a) In the metadata provided by EcoCyc (cellular compartment), Gene Ontology Terms (pathway, function, compartment),
iML1515 (metabolic subsystem), and UniProt (topological & transmembrane domains) databases, there are 1,777 protein
structures mapped to at least one gene that is associated with the E coli membrane. (b) Membrane-crossing residues are
identified by the amino acid sequence information provided by UniProt, predicted by DeepTMHMM, and calculated by OPM.
From these residues, a plane of best fit is calculated. (c) Structures with two calculated membrane planes pass the QCQA

analysis if i) the angle between the planes is less than 35°, ii) the thickness of the membrane embedded region is between 12

20

and 45 Angstroms, and iii) the cross-sectional area of the membrane embedded region is less than 10,000 Az, (d)
Membrane proteins are oriented using the topological information provided by UniProt (if available) or manually using
common protein motifs (see Dataset S6-57) such that (e) the subcellular compartment of every amino acid of the E coli

proteome can be determined.
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QSPACE integrates with genome-scale models to predict the physical
space required by the E. coli proteome at optimal growth rate.

(a) The compartmentalization of each amino acid of the E coli proteome allows for the calculation of geometric properties of
all proteins. (b) The volume of ATP-synthase and (c) its cross-sectional membrane area are shown. (d) The integration of
QSPACE with genome-scale models (iJL1678b-ME, in this case) of metabolism (M-matrix) and macromolecular expression (E-
matrix) (ME-models) can be used to calculate (e) the proteome allocation, (f) the volumetric allocation, and (g) the
membrane composition of £ coli at optimal growth rate. The expression, volume, and membrane area allocated to ATP-
synthase is shown (Panels E-G, cyan). The calculated spatial allocation (Panels F-G) of the macromolecular expression
predicted by existing ME-models (in Panel E) is a fundamental advancement towards building genome-scale biophysical
whole-cell models.
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Structural representation of multi-subunit proteins

Proteins often require oligomerization to function properly. The fundamental advancement of the
E. coli QSPACE over existing genome-scale models with protein structures (e.g. iML1515-GP:"-.=. ee
Fig. S1) is that it can be used to identify structures that represent the quaternary shapes of multi-
subunit proteins.

To ensure that the user-defined multi-subunit proteins are accurately reflected in the structural
data, we designed a pipeline to identify the best available protein structure for a target oligomeric
protein, to suggest changes to the user-defined gene stoichiometry when the existing structural
data suggests oligomerization, and to generate de novo structural models for oligomeric enzymes
whose subunits cannot be fully represented by the structures in the PDB. A simplified
representation is shown in Figure 2a®@.

The input to the QSPACE pipeline is a user-defined dictionary of protein complexes and their
associated gene-stoichiometries. For E. coli, this information is the result of multi-decade bibliomic
evidence that has been annotated in the EcoCyc database32"”. and in the genome-scale model
i]L1678b-ME.2.§.'t—’.‘).. (Dataset S2A). Across these resources of annotated protein-complexes, 31%
(1,334/4,309) of E. coli genes participate in 1,047 oligomeric complexes, 667 genes are annotated as
monomers, and 2,308 genes are not included (i.e. assumed to be monomers) (Fig. S9A-B). In the set
of annotated or assumed monomers, QSPACE identified structures (in the PDB or SWISS-MODEL
repository) containing one or more oligomeric conformations for 983 of these genes (Fig. 2a @ .ii &
Fig. S9C). QPACE uses a semi-automated pipeline that relies on various structure-derived quality
metrics to assess the accuracy of PDB and SWISS-MODELSs before redefining the existing
monomeric annotation for these genes (see Methods 3.1).

The accuracy of quaternary structures (experimental and modelled) has been the focus of many
community-wide structural biology efforts. Previous studies have estimated that the accuracy of

the quaternary structures in the PDB (‘biological assemblies’) is in the range of 80-90% 4124452,

assemblies that are author-defined, software-defined (by PISA), or both (see Dataset S8). In cases
where the PDB structures suggested oligomerization (contrary to the existing monomeric
annotation), we reviewed the publication(s) associated with each PDB structure to confirm the
oligomeric structure is believed (by the authors) to be biologically relevant (case IV-V in Fig. S9C-
D).

Since 2017, QSQE-scores have been used to assess the quality of oligomeric SWISS-MODELs*6 .
Recently, the SWISS-MODEL QSQE-score was shown to distinguish between hiologically relevant

and non-relevant homodimer structures at a rate of 079127, Although other modelling platforms

perform slightly better!2"”, SWISS-MODELs are precomputed and readily available, making them
a convenient choice for rapid integration into the QSPACE annotation platform. Thus, in cases

where SWISS-MODELs provided structural evidence of oligomerization (cases I-III in Fig. S9C-D),

scores exceeding these thresholds are used to redefine the oligomerization state of the user-
defined monomers.

All oligomeric structures that were considered for changing the annotated E. coli monomers are
provided in Dataset S2B. The relevant quality metrics associated with each structure ultimately
selected in the E. coli QSPACE are provided in Dataset S3B.

When structures (in the PDB and/or SWISS-MODEL) are unable to fully reflect the gene-
stoichiometry of a user-defined oligomer, the QSPACE platform relies on Alphafold Multimer 4%,
(v2.0, via ColabFold38%) to generate de novo structures for desired protein oligomers (Fig.
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2% .a.iii). Alphafold Multimer (v2.0) was shown to outperform existing methods in modelling

physiological homodimers'>"”. and has been reported to generate high-confidence homo-

1672

It is important to note that the iPTM thresholds were shown to correlate with biologically relevant

. 7
homo-dimer models’2%.

Furthermore, we confirmed the physiological relevance of 86% (841/973) of the homo-oligomeric
structures that QSPACE ultimately selects to represent E. coli proteome (Fig. S10) using

relevance of a quaternary structure. We provide all relevant quality metrics associated with each
structure, and the QSalign inferred relevance (when applicable) for all proteins in the E. coli
QSPACE in Dataset S3B.

The final structural representation of the E. coli proteome is a collection of experimental
structures (deposited in the PDB) and models (generated by SWISS-MODEL, I-TASSER, AlphaFold,
and AlphaFold Multimer) (Fig. 2b ). The collection of structures identified by QSPACE captures
the multi-subunit assembly of 1,473 oligomeric proteins (Fig. 2c@). Proteins that are not known to
oligomerize and that have no structural evidence of oligomerization are mapped to their

QSPACE identifies the structures of higher-order oligomeric enzymes (Fig. 2d 2 ). Among these
oligomers, the QSPACE platform identifies high-confidence structures for 51/54 ATP-binding

transporters have experimentally resolved structures in the PDB (2Q19, 3RLF, 7CGE & GMHU). We
present high-confidence novel structures QSPACE generated with AF-multimer for the 47/50
remaining ABC-transporters in Figure 2e . Incomplete AF-multimer models (3/50, asterisks in
Fig. 2e @) provide obvious suggestions for the correct gene-stoichiometry of ABC-transporters that
were incorrectly annotated at the time of publication (e.g. putative ABC-55 transporter is missing
an ATP-binding subunit).

When compared to the latest E. coli genome-scale model with protein structures (iML1515-GP-=..
QSPACE improves the oligomeric structural annotation for 70% of genes in iML1515, while
offering a 2.86-fold increase in gene coverage and higher quality structures (Fig. S1). To our
knowledge this result is the most advanced genome-scale structural representation of the E. coli
proteome and de facto represents a major advancement in genome annotation.

Interoperable data types form the

basis for predicting mutant phenotypes

An accurate 3D structural representation of the proteome can serve as a scaffold for mapping
multiple data types, thus providing a structured approach to data integration. The interoperability
of multiple datatypes can accelerate our understanding of structure-function relationships and
mechanisms. To this end, QSPACE uses third-party software (Table S1) to map residue-level,
sequence-level, and protein-level properties (columns in Dataset S1) to all amino acids of the E. coli
proteome. To illustrate the extensive functional content contained in the E. coli QSPACE, we
provide a global accounting of all functionally important regions of the E. coli proteome (Fig. S4
and Dataset S10).

Non-synonymous mutation—the swapping of one amino acid residue for another—provides an
opportunity for QSPACE to be used for mutant analysis. Residue-level properties (e.g., the
Grantham score?*8"”) of each mutation are calculated. The physio-chemical properties (e.g., the
hydrophobicity) of the local sequence (i.e., 5 amino acids centered at the mutation) of each
mutation are also determined. Using the protein structure, QSPACE can calculate the properties of

the local 3D environment (all amino acids within a fixed radius) of a mutation. The interoperable
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mapping of multiple datatypes onto the protein structure also allows for the calculation of unique
properties (e.g., the distance between a mutation and the nearest protein active site). A graphical
summary of mutant-specific properties can be found in Figure 3a .

The UniProt knowledgebase.:ﬂ..'.—.—'.',.. contains annotated phenotypes for over 12,000 non-synonymous
E. coli mutations. We use keyword phrases (Dataset S4) to assign each mutations annotated
phenotype to one of eight phenotype classes of varying severity (Fig. 3b(#). Combined with the
100 mutant-specific properties calculated by QSPACE (Dataset S5), the mutant-phenotype UniProt
dataset can be used to train Random Forest (RF) classifiers that can predict the severity of
mutations in novel mutational databases (e.g., from adaptive laboratory evolutions, the long-term
evolution experiment, or the natural sequence variants) (Fig. 3c@).

Random-forest classification of mutant phenotypes

We investigated the accuracy with which Random Forest (RF) classifiers predicted mutant
phenotypes and the relative importance of higher-dimensional features. To this end, we selected
all UniProt mutations found in proteins containing annotated active sites (e.g., Fig. 4a@) and
calculated 100 mutant-specific properties for each mutation (see Fig. 3@, Dataset S5). To quantify
the importance of higher-dimensional properties, we trained three sets of RF-classifiers on varying
combinations of residue (“0D”, gray), sequence (“1D”, yellow), and structure (“3D”, green) features,
and iteratively removed the least-predictive feature after 100 train/test cycles until the 30 most-
predictive features were identified (Fig. 4a (@). For each set of RF-classifiers, we quantified model
performance (accuracy, precision, and recall) using “One vs Rest” validation for each phenotype
class (Fig. 4b™@). The importance of individual features used to train the “3D” RF-classifiers is
shown (Fig. 4c@).

Mutations in the UniProt dataset are not limited to proteins containing active sites (Fig. 4d ).
Thus, we followed the procedure described in Figure 4a-c@ to obtain a global assessment of our
ability to predict mutant phenotypes found in proteins containing various functionally important
annotations (UniProt “Feature”). The Area Under the Curve (AUC) for the Receiver Operating
Characteristic (ROC) and Precision-Recall (P-R) curves were weighted by the relative occurrence of
each phenotype class (i.e., horizontal line in Figure 4b %, right) and plotted for RF-classifiers
trained for each functional class (Fig. 4e @). For each functional annotation, the cumulative
importance of residue-level, sequence-level, and structural features in “3D” RF-classifiers supports
the use of protein structures as a context to study interoperable datatypes and mutations (Fig.

Af @),

The membrane module yields angstrom-level subcellular

compartmentalization of the E. coli proteome

While mapping data types to individual protein complex structures can prove useful,
understanding the location and space that these protein complexes occupy in the cell is important
for building a genome-scale representation that reflects the physical embodiment of a proteome.
To date, genomic databases of E. coli (e.g., EcoCyc) assign the entire gene to a subcellular
compartment. UniProt sometimes offers sequence annotation of transmembrane and topological
(‘bulk’) domains, however, these annotations may be inaccurate (see Fig. 5b @) or missing
entirely. Since the structure is not used to determine a protein’s subcellular compartment,
assigned cellular compartments can often be incomplete (e.g. there is no distinction between
membrane proteins that contain and those that do not contain membrane-spanning regions) and
the residue-level orientation of a protein across the cell membrane cannot be achieved. Likewise,
sequence-based prediction software (e.g., DeepTMHMM.‘.‘?.!.—f’.‘T.) and structure-based prediction
software (e.g., OPM>-.. ) are agnostic to membrane orientation and can also generate erroneous
results.
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To achieve a residue-level representation of the E. coli proteome, we use a structure-guided
approach that combines and assesses all available annotations and predictions (from UniProt,
DeepTMHMM, and OPM) to better identify the integration and orientation of the membrane-
embedded proteome.

QSPACE queries the available gene-level subcellular compartment information provided by
Ecocyc32%, UniProt3’%, Gene Ontology>! %, and genome-scale model iML1515%°%. to identify all
potential membrane-embedded protein structures (Fig. 5a ). For each identified structure,
QSPACE determines the membrane-spanning residues for each subunit using the sequence
annotations provided in UniProt, the sequence-based predictions generated by DeepTMHMMf‘.?..'.—T’.‘T.,
and the structure-based calculation of the membrane planes predicted by oPM22%. For each of
the three sources of residue information (when available), QSPACE calculates the normal vectors
of the corresponding membrane planes (Fig. 5b 2). For each pair of membrane planes, the angle
between the planes, and the thickness and area of the membrane-embedded region are used to

determine whether the calculated membranes are viable (Fig. 5c(@).

QSPACE segregates each viable membrane protein into three sections: a membrane-embedded
region and two ‘bulbous’ regions. Each bulb is automatically assigned (Dataset S6) to either the
cytoplasmic, periplasmic, or extracellular side of either the inner or outer membrane, using the
annotated topological domains in UniProt or manually assigned (Dataset S7) using common 3D
motifs in the protein structures (Fig. 5d 2). Proteins annotated to the cell membrane (Fig. 5a(®)
that do not contain a membrane-embedded region are considered ‘membrane-associated’ and
tagged to their respective membrane while those tagged to the cytoplasm or periplasm are left
unchanged. The gene ontology (GO) terms of genes mapped to non-membrane proteins were used
to assign proteins to the cytoplasm, periplasm, or extracellular space.

In E. coli, QSPACE was able to assign 86% of proteins (89% of AAs) to one of twelve subcellular
compartments (Fig. 5e (2), resulting in a residue-level annotation of cellular
compartmentalization of the E. coli proteome across both cellular membranes. The membrane
integration for an additional 5% of proteins (2% of AAs) is known (Fig. 5e (¥, compartments #13-
17), however there is insufficient information to properly orient these proteins across the
membrane (e.g. short, single-pass transmembrane helix proteins, see Dataset S7). Incorporated
into genome-scale models that compute protein expression (or proteomic datasets), the residue-
level compartmentalization of each protein structure provides a first-principles approach to
compute the location and size taken up by a cell’s proteome.

Computing the physical space required by the E. coli proteome

The multi-subunit protein complexes carry out metabolic reactions, transport nutrients across the
cell membrane, maintain cellular homeostasis, replicate the cellular genome, and even synthesize
other proteins. Considering all these functions simultaneously calls for the use of computational
models. As genome-scale models (GEMs) have increased in scope and mechanistic detail?22%-
........................ , they require the biosynthesis and proper assembly of multi-subunit complexes to drive

the reactions in their reconstructed metabolic networks.

While genome-scale models using protein structures (GEM-PROs) have been used for a variety of
530 320

applications>:.=. (e.g., contextualization of disease-associated human mutations=<.=., identification
of protein-fold conservation in similar metabolic reactions3!.%2, prediction of thermosensitivity in
303 282

a metabolic network=-.==, comparative structural analyses of multiple organisms==.-=), the promise
of a complete physical representation of a functioning cellular proteome has yet to be delivered.
QSPACE moves us close to this goal by calculating the subcellular compartment of every amino
acid across the proteome.
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The successful annotation and 3D orientation of proteins across the subcellular compartments is
crucial for building genome-scale models that can predict the physical distribution of the cellular
proteome. A geometric analysis of the compartmentalized proteome (Fig. 6a &) allows us to
calculate the volume occupied (Fig. 6b @) as well as the membrane area required (if applicable)
(Fig. 6c @) by each protein. Genome-scale models of metabolism and macromolecular expression
(ME-models) (Fig. 6d (¥) predict the proteome allocation required to sustain growth in optimally
growing bacterial cells (Fig. 6e (3). In calculating the physical space required by each protein, the
spatial requirements of model-predicted proteomes can also be determined (Fig. 6f-g ). Thus, it
is now possible to compute the composition and location of the structural proteome. A more

detailed supra-protein-complex-level 3D arrangement requires additional considerations>4%2 225,

Discussion

The 3D visualization and modeling of the structural proteome of a functioning cell has been an
implicit goal of genome-scale annotations and computational biology methods. QSPACE,
introduced here, rapidly identifies and annotates multi-subunit protein structures (including de
novo annotations of protein-complex assemblies and de novo structural models) at the genome-
scale for computational modeling and structural analyses. In conjunction with mutational
databases, functional annotations, and other data types, the oligomeric structures identified
through QSPACE can be used to obtain a deeper understanding of whole-cell functions.

To achieve a physical representation of the cellular proteome, the structure of each individual
protein complex in its native state is needed. To this end, QSPACE allows for multi-gene mapping
to oligomeric crystallographic depositions (e.g., PDB bioassemblies), existing homo-oligomeric
structural models (e.g., high-quality‘.‘z-'.—f'.".. SWISS-PROT models! 2. with high QS-scores‘.‘.ﬁ.@.), and de

purely annotative workflow, QSPACE uses a structure-guided assessment to identify previously
unannotated oligomeric assemblies and generate de novo structural models when the existing
structural data for a protein complex is incomplete. As an example, we present the novel
structures of 50/54 ABC-transporters in E.coli, and show that even incomplete models 3/50 can
provide clues to the correct oligomerization of a protein (Fig. 2e @). In the E. coli QSPACE, we
confirmed the physiological relevance for 86% of the homo-oligomeric structures with

protein complexes, a significant advancement over existing genome-scale models using structural

biology software (sshio?” 2, see Fig. S1).

The protein structures identified by QSPACE are a well-suited 3D scaffold on which to calculate
protein properties, identify enzymatic domains, and analyze impactful mutations. QSPACE’s
interoperability of various data types (columns in Dataset S1), can drive biological discovery. In
this study, we showed how the residue-level, sequence-level, and protein-level properties
calculated by QSPACE (Fig. 3a @) for the mutations annotated in the UniProt knowledgebase (Fig.
3b@) can be used to accurately predict mutant phenotypes (Fig. 4b @ & 4e). Interestingly, when
we iteratively removed the least predictive properties from the RF-classifiers during the training
phase (Fig. 4a @), we found that the predictive power of RF models was overwhelmingly the result
of structure-level features (Fig. 4c @ & 4f). Thus, QSPACE provides users a rapid way to interact
with relevant structures and interoperable datatypes to elucidate structure-function relationships
across multiple scales.

In addition to the annotated mutations in UniProt, QSPACE can also be used to analyze novel

mutational data sets from adaptive laboratory evolutions (ALEdb20 %, Fig. S5), the long-term

evolution experiment (LTEE===, , Fig. $6), and the natural sequence variation38%2. of E. coli in three
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dimensions (Fig. 3c ). To our knowledge, the E. coli QSPACE provides the first 3D representation
of the natural sequence variation of an organism at the genome-scale, and it moves the description
and scale of the structural proteome to the species level.

QSPACE advances whole cell modeling efforts>4 22625702 by establishing structural annotations
relevant for molecular processes. Advancements with computational genome-scale models (GEMs)
over the past decade have allowed for the prediction of proteome allocation for cells at optimal
growth rate222-262,5205 Increasingly detailed, GEMs include reactions for protein assembly and
translocation across subcellular compartments (e.g., membranes), however, previous GEM
formulations with monomeric protein structures (GEM-PROs) have yet to reflect the biophysical
embodiment of these in silico processes.

Using a structures-based approach that combines and assesses all available annotations and
predictions for membrane-spanning proteins, QSPACE determines the membrane integration and
orientation of proteins across both the inner and outer membrane of E. coli. In fact, QSPACE even
calculates membrane integration for proteins that span both membranes (e.g., AcrAB-TolC efflux
pump, PDB:5v5s, see Fig. 5e@). In this study, QSPACE determined the subcellular compartment
for 89% of amino acids in E. coli. As a proof-of-concept, we combine the protein-level information
in QSPACE with a genome-scale model of macromolecular expression (ijL1678b-ME~"=. ) to
calculate the physical size occupied by the predicted proteome of E. coli at optimal growth rate. To
our knowledge, this first-principles approach resulted in the first GEM-PRO that embodies the
spatial allocation of the E. coli proteome.

Taken together, the QSPACE genome annotation platform proves users a rapid method to interact
with the best available quaternary structures for any list of proteins (e.g., a strain), can
accommodate natural sequence variations described by the alleleome32™. to generate species-
level structural proteomes, and enables a physical embodiment of the structural proteome against
the 3D morphology of the bacterial cell. The analysis of mutant phenotypes and the size
calculation for the E. coli proteome demonstrate that QSPACE is amenable to diverse applications.
As structures are resolved for large protein complexes, as the scope of genome-scale models
expands to include an increasing number of niche cellular mechanisms (e.g., stress responses),
and as new mutations of functional importance are annotated in publicly available databases, the
QSPACE platform will provide an interoperable pipeline for the structural proteomes for a

growing list of organisms.

Limitations

We emphasize that QSPACE is a large-scale annotation platform that interfaces with numerous
third-party software to quickly map multiple interoperable datasets onto relevant protein
structures. QSPACE applications range from the single-protein to the genome-scale. As such, the
structures identified by QSPACE reflect the gene-stoichiometry of the protein complexes defined
by the user. For extensively studied organisms (e.g., E. coli), these protein complexes have been
defined over decades of published work. For less-studied organisms, a structural proteome
assigned by the workflow presented in this study may be incomplete. In such cases, QSPACE can
still provide insights into the structural proteome. For instance, QSPACE can generate the entirety
of all homo-oligomerization states of an organism’s genome. By modifying the user-defined
protein complexes to reflect the gene-stoichiometry of any theoretical homo-oligomerization state
of a gene(s), QSPACE will identify (or use AF-multimer to generate) structures for these oligomers,
provide the user with a quality assessment of each oligomeric structure, and would thus reveal
homo-oligomerization states backed by structural evidence.
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As QSPACE relies on third-party software and repositories for the generation of novel structures,
the mapping of datasets, and the calculation of structural properties, it is limited by the
maintenance, capabilities and accuracy of such resources. For example, the use of AF-multimer via
ColabFold allows for modelling protein complexes up to 2000 amino acids, and the quality
assessment of such models is currently based on their iPTM and PTM scores, rendering QSPACE
incapable of generating higher-order structures that have not been published in repositories. As
new modelling platforms, better scoring methods, and larger repositories of pre-computed
structures are disseminated by the structural biology community, we see potential for their
incorporation into the QSPACE workflow to identify increasingly accurate structures for user-
defined proteins. Thus, the maintenance of the QSPACE codebase is vital to ensure that QSPACE
can provide users with the most-accurate protein structures for future applications.
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Materials and Methods

Detailed methods are provided in the Supplementary Appendix. Additional information can be
found at github.com/EdwardCatoiu/QSPACE.

Overview of the QSPACE workflow

We encourage the reader to familiarize themselves with the ‘demo_QSPACE.ipynb’ tutorial
notebook available at (https://github.com/EdwardCatoiu/QSPACE 7). The QSPACE platform offers the
user flexibility in the use of some or all structural repositories (for identifying/generating
structures), third-party software (for calculating structural properties), and mutant datasets. This
section will describe the generation of the E. coli QSPACE (Dataset S1) and the two applications
presented in this study.

The overall QSPACE workflow can be summarized: 1) A list of 4,309 genes identified across 2,661 E.
coli strains>®%Z. and the gene-stoichiometries of E. coli proteins are annotated in EcoCycé.g...'.—.—'.'v.. and
iJL1678b2 2 and serve as the user-defined input to the E. coli QSPACE; 2) UniProt IDs were
identified and corresponding .fasta and .txt files were downloaded; 3) Homology models
corresponding to the UniProt IDs are downloaded from various repositories; 4) PDB structures

(and associated PDB bioassemblies) corresponding to the UniProt IDs and sequences were
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downloaded using PDB APIs; 5) For proteins that are annotated to be monomers and for those not
included in EcoCyc and/or iJL1678b (assumed monomers), a semi-automated module is used to
assess if the oligomeric structures (from PDB/SWISS-MODEL) provide overwhelming evidence of
oligomerization; 6) For annotated oligomers (user-defined in #1) whose gene-stoichiometry is not
reflected in PDB or SWISS-MODEL, AF-multimer v2.0 (via ColabFold) is used to generate oligomeric
models; 7) iPTM and PTM scores are used to assess the quality of AF-multimer models; 8) The
highest sequence identity structure (after structural QCQA relevant to its source) is selected for
each unique gene stoichiometry. When multiple structures provide the same sequence identity for
the same gene stoichiometry, preference is given to PDB, AF-Multimer, AlphaFoldDB, SWISS, and
ITASSER, respectively); 9) A structure (or combination of structures) is selected as the
representation of each user-defined (or re-defined in #5) protein complex; 10) A CSV file (the
backbone of Dataset S1, ‘the QSPACE’) is generated where each row provides a mapping between
each amino acid across 4,309 E. coli genes (user-defined in #1) and its 3D position (chain and
residue number) on the protein structure that reflects the protein complex (user-defined in #1
and/or redefined in #5); 11) When possible, third-party software is used to identify membrane-
embedded amino acids in proteins that are believed to be in (or associated with) the membrane;
12) Proteins with membrane-embedded regions are oriented across the membrane using available
topological information (automatically) and/or by manual inspection of common motifs with
known orientation; 13) Multiple third-party software is used to calculate protein properties; 14)
External mutation databases and functional annotations (in UniProt) are mapped to the QSPACE
CSV file (Dataset 1).

Notably, in steps 1-8, the highest quality structure for each unique structure-gene stoichiometry is
selected from each resource of homology and experimental structures. In step 9, QSPACE selects
the specific structure that best represents each user-defined gene-stoichiometries. All relevant
quality metrics associated with all structures in the structure pool are defined in Dataset S9. The
structures selected by QSPACE (in step 9) from this pool (and all associated quality metrics), are
used to generate the residue-level CSV file described in step 10. The associated quality metrics for
all selected structures in the final CSV file are provided in Dataset S8.

The QSPACE CSV (Dataset S1, AA-to-structure mapping in step 10, additional data mapped in steps
11-14) contains information that can be utilized for various applications, for example: 15) The
severity of UniProt mutants mapped to the QSPACE was determined using a key-word search of
their annotated phenotypes; 16) the AA-level mapping in QSPACE was used to calculate the
aggregate properties of the local environment (i.e. the amino acids directly adjacent in sequence
and in 3D space) of each mutation; 17) annotated mutant phenotypes and calculated properties
were used to train RF-classifiers to predict mutant severity; 18) (Separately) the area taken up by
each protein in the membrane was calculated from the membrane-embedded regions and
inferred membrane planes generated in step 11; 19) The volume of each protein was calculated;
20) The geometry of all proteins were incorporated into a genome-scale model of macromolecular
expression, iJL1678b-ME, to compute the physical space taken up by the model-predicted proteome
of E. coli.

Data Availability

All data is freely available from public sources.

Structures selected from the PDB were last downloaded March 5%, 2023. We show experimental
structures from the PDB with accession numbers 2GRX, 5V5S, 7NYU, 1NEK, 60QS, 6C53, 1PFK,
6VOC. Structures selected from the SWISS-MODEL E. coli repository were last downloaded
December ZOth, 2022. We show SWISS-MODELs with UniProt IDs P33232 and P39099. Structures
selected from the ITASSER E. coli database repository were last downloaded November 3rd 2022.
Structures selected from the Alphafold database were last downloaded January 15t 2023. We
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show Alphafold models with UniProt IDs P33924 and P30143. Structures were last modelled using
ColabFold on April 6, 2023. We show Alphafold Multimer/ColabFold models for protein
complexes with EcoCyc IDs CYT-D-UBIOX-CPLX and ABC-13-CPLX.

Protein complex gene stoichiometry data for E. coli is provided by the Public SmartTable in EcoCyc
at https://ecocyc.org/group?id=Biocyc12-4862-3584200844 % and by genome-scale model iJL.1674b-
ME at https://github.com/SBRG/ecolime (4.

ALE mutation data is available at https://aledb.org/. LTEE mutation data is available at https://
barricklab.org/shiny/LTEE-Ecoli/ @ . Both mutation datasets were mapped to the E. coli genome by

Data generated in this study is provided in the Supplementary Material and/or at https://github.com
/EdwardCatoiu/QSPACE/ 4.

Select data generated in this study that exceeds the size limits of GitHub is available at https://drive
.google.com/drive/folders/10kXnPK2YP3WAk62Mmu1p00z2dKiSTHQN?usp=sharing @ .

Code Availability

All source code for QSPACE is provided at https://github.com/EdwardCatoiu/QSPACE/ @ . The best
way to build a QSPACE is to follow the detailed instructions in the iPython tutorial notebook
(“demo_QSPACE.ipynb”).

QSPACE could not be possible without the following:

Python v.3.7.9 (https://www.python.org/(@); Ssbio v.0.9.9.8 (https://github.com/SBRG/ssbio (©);
Biopython v.1.81 (https://github.com/biopython/biopython @ ); ScanNet (https://github.com/jertubiana
/ScanNet @); Nglview v.0.11.9 (https://github.com/nglviewer/nglview @3); Pandas v.1.1.5 (https://github
.com/pandas-dev/pandas (2); SciPy v.1.5.4 (https://github.com/scipy/scipy 2 ); NumPy v.1.19.5 (https://
github.com/numpy/numpy 2); Matplotlib v.3.3.3 (https://github.com/matplotlib/matplotlib 2);
Matplotlib_venn v.0.11.9 (https://github.com/konstantint/matplotlib-venn 2 ); PyVenn (https://github
.com/tctianchi/pyvenn 2); Seaborn v.0.10.1 (https://github.com/mwaskom/seaborn 2); scikit-learn
v.1.0.2 (https://scikit-learn.org/stable/ (%)
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Reviewer #1 (Public review):
Summary:

This work presents a computational platform that integrates currently available
experimental or precomputed datasets and/or state-of-the-art modeling methods to assemble
a proteome structure from a given list of genes (representing a whole proteome of an
organism, or some specific subset of interest). The main advancement is that the proteome
structure contains not only the tertiary structure information (such as is provided by
precomputed AlphaFold predicted proteomes) but also information about the quaternary
structure. Adding quaternary structure information on the whole proteomes is a challenging
problem (and the manuscript would benefit from a more comprehensive introduction section
presenting these challenges). Importantly, this addition of quaternary structure information
is likely to significantly improve any downstream modelling or prediction. This is because
most proteins form either stable or transient complexes, and a significant proportion of
proteins interacts with cellular structures such as the different biological membranes. These
interactions provide important context for interpreting residue-level information, such as for
example the fitness/functional effects of point mutations.
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The main strength of this work is that it approaches the question of protein quaternary
structure in a comprehensive way. Namely, in addition to oligomeric state, it also includes
membrane and cellular localization. It also demonstrates how to use and combine the
available experimental and precomputed modelling to achieve the same for any set of genes.

Weaknesses:

The feasibility of obtaining a similar dataset (of useful/informative size) for a more complex
organism is not clear.

https://doi.org/10.7554/eLife.100485.1.sa1

Reviewer #2 (Public review):

In this study, a methodology called QSPACE is developed and presented. It integrates
structural information for a specific organism, here E. coli. The process entails the gathering
of individual structures, including oligomeric information/stoichiometry, the incorporation of
data on transmembrane regions, and the utilization of the resulting dataset for the analysis of
mutation effects and the allocation of proteomes.

This work aims high, setting an ambitious goal of modeling the quaternary structure of a
proteome. The method could be applied to other organisms in the future and has value in
that respect. At the same time, the work tries to cover (too?) much ground and some of the
results/analyses don't measure up. There are indeed a number of shortcomings and/or
inconsistencies in the results presented. The comments below will help improve the work
and its usefulness.

(1) It is described that "QSPACE then finds the 3D coordinate file (i.e. "structure") that best
reflects the user-defined (input #2) multi-subunit protein assembly”. What is meant by "best
reflects"? What if two different structures with the same stoichiometry are available? Which
one is picked?

(2) There appears to be a significant under-estimation of oligomer formation: it is reported
that "31% (1,334/4,309) of E. coli genes participate in 1,047 oligomeric complexes, 667 genes
are annotated as monomers, and 2,308 genes are not included". However, it is generally
observed that ~50% of E coli genes form homo-oligomers (see PMID 10940245 or more
recently 38325366), and adding hetero-oligomers on top of that should increase the fraction
of oligomers further. In that respect, the estimate forming the basis of this work (31% of
genes participating in oligomeric complexes) seems incorrect. It is unclear why the authors
did not identify more proteins as adopting a quaternary structure. It is generally hard to
grasp details of the dataset, for example, the simple statistic of how many genes participate in
homo- versus hetero- oligomer. Such information is partially presented in panels 2¢ & 2d, but
it is very small and hard to see (I would suggest removing the structures of the ABC
transporters to make space to present this with more detail).

(3) There are a number of misleading statements/overstatements that I encourage the authors
to revise. For example (not exhaustive):

"to our knowledge this result is the most advanced genome-scale structural representation of
the E. coli proteome and de facto represents a major advancement in genome annotation.”
"angstrom-level subcellular compartmentalization” - Can we really talk about sub-atomic
precision when even side chains can move by several angstroms?

"we provide a global accounting of all functionally important regions" - "all" is not justified
"Incorporated into genome-scale models that compute protein expression" - what does that
mean? There are gene expression & protein abundance datasets, why is the "compute”
necessary?
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"Likewise, sequence-based prediction software (e.g., DeepTMHMMA49) and structure-based
prediction software (e.g., OPM50) are agnostic to membrane orientation and can also
generate erroneous results” - what does "erroenous results" mean in this context? Those tools
are not supposed to predict orientation.

(4) What was the benchmark used to estimate the accuracy of orientation assignments?

(5) It is not clear why structural information is required to calculate the volume taken up by
different proteins across the proteome. For each protein, the expression level (copy number)
is expected to have a significant effect, but I'm unsure of why oligomerization is considered
key here. It will modulate the volume exclusion associated with interface contact areas, but
isn't this negligible compared to other factors, in particular expression?

(6) Models aiming at predicting deleterious effects of mutations typically use sequence
conservation, but I do not see such information used in Figure 4. Assessing the added value of
structural information should include such evolutionary information (residue-level sequence
conservation) in the baseline.

(7) The "proteome allocation" analysis is presented as an important result, but I did not find
details of equations used to conduct this analysis. I assume that "proteome allocation” is
based solely on expression, and that "cell volume" uses structural information on top of it.
There is a significant difference between "proteome allocation" and "cell volume" as reflected
in the proteomaps shown in panels 4e & 4f, but there is no explanation for it. Are the
proteins' identities the same in these two panels? Were only proteins counted or was RNA
considered as well? Clarifications are needed for RNA, for example, how were volumes
calculated in structures containing RNAs? Datasets used to derive these maps should also be
provided to enable reproducing them.

(8) I did not see that the structures generated are available - they should be deposited on a
permanent repository with a DOL.

https://doi.org/10.7554/eLife.100485.1.sa0
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