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Highlights
e Proteomics is widely used in production strain analysis
e The value of specific strategies is discussed with reference to case studies
e Methodologies often based on prior application to eukaryotic systems

e New developments target quantitative accuracy and proteome coverage



Abstract

Proteomics is the large-scale study and analysis of proteins, directed to analysing protein
function in a cellular context. Since the vast majority of the processes occurring in a living
cell rely on protein activity, proteomics offer a unique vantage point from which researchers
can dissect, characterise, understand and manipulate biological systems. When developing a
production strain, proteomics offers a versatile toolkit of analytical techniques. In this
commentary, we highlight a number of recent developments in this field using three
industrially relevant case studies: targeted proteomic analysis of heterologous pathways in
E. coli, biofuel production in Synechocystis PCC6803 and proteomic investigations of
lignocellulose degradation. We conclude by discussing future developments in proteomics

that will impact upon metabolic engineering and process monitoring of bio-producer strains.



Introduction

Chemical biotechnology is a field directed to harnessing living organisms as cellular
factories, for bio-based production of small molecules and polymers [1,2]. These biological
production systems are less well understood than traditional chemical engineering
processes due to their inherent complexity. As a result, advanced molecular techniques like

proteomics are required to engineer more efficient processes and develop new applications.

First defined in 1995 as a portmanteau of ‘protein’ and ‘genomics’, proteomics is the large-
scale study of proteins within a cell, tissue or organism [3]. It is a rapidly evolving field
focused on identification and characterisation of these proteins and their proteoforms
(isoforms and post translational modification (PTM) variants). Quantitative methods in
proteomics have enabled comparative analysis of protein expression profiles, typically
providing ‘snapshots’ of cells and proteins in different stages of bio-production. Recent
studies have also measured protein turnover by determining rates of protein synthesis and
degradation. These techniques offer a means to gain information on mechanisms of bio-
production for purposes of optimisation and process monitoring. To date proteomics has
found application to well characterised strains such as E. coli [4], emergent bio-producer
strains like the cyanobacteria Synechocystis PCC6803 (herein referred to as Synechocystis)

[5¢]; as well as metaproteomic analysis of mixed microbial communities [6].

Bibliometric analysis (see supplementary material) of recent proteomics publications has
highlighted a couple of key trends in producer strain studies: Proteomics in producer strain
analysis tends to focus much more on understanding mechanisms and responses, or
suggesting molecular pathways, indicating that in general production analysis is lagging

behind the general trend toward targeted proteomics (Fig 1.). We cover the topic of



targeted proteomics in more detail below and highlight a small number of cutting edge

studies in our first case study.

In this commentary, we present a typical approach for conducting a proteomics experiment,
highlighting key terms and concepts. We then outline novel proteomics approaches using
post-2012 examples, focusing on three industrially relevant case studies: a method-specific
approach, a strain-specific approach and a process-specific approach, concluding with a

discussion of the impact of recent developments in the field.

<Figure 1>



Proteomic analysis pipeline

High-throughput proteomic methods commonly used in biotechnology approaches utilise
the ‘shotgun’ or bottom-up technique [7¢], where the proteome is digested into peptides
that are typically 5 — 14 amino acids long. Whole proteins or larger polypeptides can also be
analysed (top-down, middle down respectively), but this strategy has several technical
issues detailed elsewhere [8e¢¢]. A digested proteome is complex, containing thousands of
peptides with varying abundances. The mix requires fractionation, typically using offline
high performance liquid chromatography (HPLC) or in solution isoelectric focusing, which
splits the single sample into lower complexity fractions. Doing this collects together
peptides with similar features — such as hydrophobicity, charge state or isoelectric point —
and significantly improves the quality of the final data. Samples are then subject to nano-
flow reverse phase HPLC, coupled directly to mass spectrometer. This process is referred to

as MS-MS or MS>.

The mass spectrometer (MS) initially scans the masses and intensities of all eluting peptides
from the HPLC, on a scale of seconds to milliseconds, this is an MS ‘survey scan’. Eluting
peptides are then selected for fragmentation from the survey scan, either in a data
dependent (DDA) or data independent (DIA) acquisition mode. DDA targets a specific peak
from the survey scan for further analysis, whilst DIA fragments all ions from the survey scan
simultaneously. The data is then analysed computationally to identify and characterise the
proteome. Two detailed reviews provide further information, Altelaar et al [9¢¢] provide an

overview, whilst Zhang et al [8¢¢] cover the topic more comprehensively.



Approaches in proteomics

Proteomic approaches can be subdivided into discovery and targeted modes, for
characterisation of the proteome and analysis of an identified subset of proteins
respectively. Their application and relevance are outlined in the case studies. Examples of
workflows, gel and non-gel based, together with their major benefits and drawbacks and
examples of their application to bio-producer strains are outlined (Table 1). Classical
proteomics employs two-dimensional electrophoresis (2DE) for analysis of expression
profile, where protein identification requires MS as a second step. Gel free quantification
methods achieve protein identification and relative quantification using MS with significant
advantages over 2DE [10]. Protein and peptide labeling methods, metabolic (eg SILAC) or
chemical labels (eg iTRAQ) have been widely employed in proteomics but ‘label-free’
methods are increasingly gaining in popularity [11,12]. To date, no direct comparison of all
these techniques has been reported (Table 1). Technique selection is dependent on the

biological context, number of samples to be processed and compared.

Targeted proteomic approaches are directed to the detection and the precise quantification
of specific subset of proteins of interest. This complements discovery proteomics and
applications include verification of candidate proteins and process monitoring [13].
Quantification is based on detection and measurement of proteotypic peptides that
represent the protein, based on unique amino acid sequence. Specificity and sensitivity are
both conferred via ‘reaction monitoring’ for the presence of (co-eluting) fragment ions,
linking precursor and product transition information. Application of high-resolution mass

measurement and acquisition of full fragment ion spectra have enabled developments,



including higher throughput and specificity conferred by parallel reaction monitoring (PRM)

as recently reviewed [14].

Inclusion of stable isotope forms of reference proteotypic peptides, at known
concentrations, enables absolute quantification. QconCATs (concatenated proteotypic
peptide sequences), are custom designed recombinant proteins, which can be metabolically
labelled, purified and tryptically digested, to provide a set of standards for absolute
guantification of multiple proteins in parallel [15¢]. Label free approaches are popular due
to limited sample pre-processing requirements prior to analysis compared to label based
methodologies. Examples include Intensity-Based Absolute Quantification (iBAQ) and
Absolute Protein Expression (APEX), which have been compared for different sample types

and MS platforms [16-18].

<Table 1>



Case Study: Targeted proteomics for process optimisation

A key area of proteomic application is assessment and modelling of heterologous pathways.
Whilst assessing how an inserted pathway is affecting the proteomic background provides
useful information on how the organism is responding; for pathway engineering purposes it
is often more informative to assess either the pathway proteins directly, or a specific subset
of the proteome known to interact with it. Targeted proteomic methods like selective
reaction monitoring mass spectrometry (SRM-MS) are useful for collecting highly
repeatable, high-accuracy, quantitative data. These techniques are gaining popularity in bio-
production pathway modelling and optimisation, as well as providing a means of
assessment of standard parts and devices in synthetic biology. Proof of concept of this
approach has been demonstrated for heterologous pathway expression in E coli as

model/paradigm for optimization of heterologous pathways.

SRM-MS has been validated against analysis of red fluorescent protein expression levels in
an expression plasmid and output of the tyrosine production pathway, controlled with a
variety of different strength constitutive promoters [60]. These methods can also be
coupled with quantification methods that incorporate a standard, such as QconCAT, to
generate absolute protein quantification levels [15¢]. A major advantage of this is that
absolute protein values can be incorporated into kinetic metabolic models alongside
metabolite data; whilst relative quantification values — which are more commonly
associated with global proteome assessment — cannot [61]. In practical production terms, it
has also been used to optimise production of biofuels such as isopentanol [62] and

biosynthesis precursors like terpenes [63].



Case study: Synechocystis PCC6803

Cyanobacteria are a phylum of photosynthetic bacteria that offer promise in solar-powered
bio-production. Synechocystis is a fully-sequenced, naturally transformable strain of
cyanobacterium that is gaining popularity as a model production chassis [23]. It is currently
being investigated for a variety of different products including precursors such as
isoprenoids and lactic acid from CO; [24,25], as well as biofuels like ethanol, butanol and

hydrogen [5e,26,27].

When engineering a strain for production, proteomic methods integrated with
transcriptome data are used in about 20% of studies. These studies are frequently used to
assess cellular response to production stresses (supplementary bibliometric analysis).
Proteins and pathways found to be regulated in response to stresses are good candidates
for forward-engineering strategies; either through the more traditional method of managing
metabolic flux in the organism, or by understanding and controlling responses. An initial
proteomics analysis of butanol stress in Synechocystis highlighted multiple simultaneous
pathways activating in response to the stress [28], was followed up by a transcriptome study
[29]. Joint analysis of these data identified slr1037 as part of a butanol-specific paired signal
transduction system [5¢]. This was verified with a knock-out, which was more robust to

butanol stress whilst maintaining wild-type growth rate under standard conditions.

PTMs are a highly conserved method of regulation in biological systems. Despite the
enrichment strategies required for identifying these low abundance features, it is possible
to assess PTMs on a systems level [9e¢]. Three pioneering studies have been conducted in

the last two years, cataloguing system-wide PTM responses in Synechocystis and



demonstrating their role in regulation of photosynthesis and central metabolic pathways

[19,30,31].

Despite the advantages of proteomics, it requires tuning to the organism being studied. In
Synechocystis, photosynthetic antennae proteins make up 20% of the proteome by mass
[32]. This results in a large dynamic range relative to other producer-strain bacteria, such as
E. coli, and so the advantage conferred by light harvesting capacity comes with the negative
limit to proteomic coverage. This problem exists in any case where a small number of
proteins are present at a very high abundance, relative to the rest of the sample such as the
case with RuBisCO in plants [33]. Work has been carried out to reduce the abundance of
these antenna proteins for better production and improved proteomic coverage [59]. The
dynamic range problem can be alleviated to an extent through depletion strategies and use

of high resolution, high throughput MS.



Case study: lignocellulose degradation

Lignocellulose is a complex polysaccharide constituent of plant cell wall. It is a promising
substrate for production of molecules like ethanol and lactic acid; however, lignin inhibits
the action of many common enzymes by sequestering the cellulose and xylose. This creates
a bottleneck in efficient bio-production from this material [34]. Proteomics is at the
forefront of deciphering solutions to this problem, either through fully integrated systems

analysis or assessment of solutions utilising multiple organisms simultaneously.

Integration of metabolite, transcript and protein data, termed systems analysis, can be used
to generate comprehensive models for how a cell is responding. The protein data offers an
impression of the current state of the cell, whilst the transcript analysis identifies responses
at high-coverage coverage and the metabolite data give an impression of flux [35,54].
Proteomics data from several lignocellulose degradation investigations, including
Clostridium and a variety of filamentous fungi, have been integrated with transcript and
metabolite data to understand how activated pathways affect cellular dynamics [36,37].
This approach has also been used to assess how xylose as a carbon source affects

metabolism in yeast, to design better production strategies [38e].

The xylose catabolism study utilises pre-existing models for assembled pathways, and is
typical of a proteomic work-flow for pathway analysis where identified and quantified
proteins are overlaid on a metabolic model. Models are assembled using pathways found
with literature analysis and new models are typically constructed by modifying an existing
model from a similar organism. A detailed commentary of advancements in this process is
provided by King et al in this issue [39]. Where a pre-existing model is lacking, other general

exploratory assessments, like principal component analysis, can be used instead to look for



general trends in protein expression data [40]. This technique can highlight proteins, or
entire conditions, that cluster together depending on the focus of the study; with suitable
experimental design this can provide information in lieu of a completed metabolic model.
Due to the complexity of even seemingly simple strains, data interpretation still is a limiting
factor in systems level analyses. This has led to the use of cutting-edge informatics, such as

machine learning, being employed in analysis of the data [41].

Whilst individual organisms have shown effectiveness in degrading lignocellulose, natural
systems utilise a combination organisms performing distinct roles to achieve the effect more
efficiently [42]. The study of these communities through the analysis of the proteins is
referred to as ‘metaproteomics’, where the community is profiled instead of focusing on
specific organisms, or specific pathways [43]. A growing number of studies are being carried
out using metaproteomics towards the ultimate aim of engineering these systems through
‘Synthetic Ecology’ [44]. This emerging field will likely be of importance to the bio-

production community in the future.



Addressing the challenges and perspectives

Proteomics is a very dynamic area: the proteomic toolkit is constantly expanding with both
the development of both novel technologies alongside new uses of existing technologies. In
the latter category, development of quantitative proteomic technologies with higher
multiplexing capability, neutron encoded TMT and SILAC reagents, improves the
multiplexing capability of TMT [45,46]. This enables both higher throughput and the
additional benefits conferred by increased sample replication. Metabolic labels such as
SILAC can be directed not only to expression profiling, but also to protein dynamics [47]. The
Super-SILAC approach, involves mixing samples from different conditions to generate an
internal standard for cross sample comparison, and can be combined with iBAQ to give

absolute copy-number level protein quantitation [48ee].

Improved sample preparation strategies improve protein identification rates and coverage.
In general, reagents that are very effective at solubilising proteins are incompatible with MS.
The technique of Filter Aided Sample Preparation (FASP), allows removal of detergents such
as SDS and other contaminants. The FASP technique, first described in 2009 [49] has been
adapted for improved proteolytic digestion (eFASP) [50] and for compatibility with chemical
labelling strategies for analysis of proteins (iFASP) [51] or affinity purified protein complexes
(abFASP) [52]. Protein-protein interactions (PPI) is a growth area in proteomic analysis,
particularly since proteins typically function in complexes which are temporally and spatially
dynamic within the cell [53] and analysis of PPI has value in system based network
modelling [54]. Novel strategies include enhanced capability of protein-protein interaction
analysis by use of affinity enrichment MS, as an alternative to classical ‘pull down’

approaches [55].



In terms of MS instrumentation, performance is continually improving in terms of speed,
sensitivity and resolution, such that complete proteome coverage is achievable [56]. Unlike
DDA, DIA methods are inherently not applicable to use of metabolic or chemical labels. This
limitation is being overcome with approaches such as NeuCoDIA for multiplex analysis [57].
In general, whilst MS instrumentation was directed to operating in discovery or targeted
modes, next generation instruments offer both capabilities. For example, DIA methods are
enabling discovery and targeted modes of data analysis to be integrated, by retrospective
‘MRM like’ mining of discovery data for specific peptides. With MS developments there is a
need for corresponding capabilities in processing software to fully mine the increasingly

complex proteomic datasets.

Conclusions

In this commentary, we have highlighted using bibliometric analysis of the field and specific
case studies that proteomics is widely used in production strain analysis. Due to the
dynamic nature of the field, there are a number of cutting-edge developments that have
improved quantitative proteomics over the review period and are continuing to emerge.
These have generated step-changes in technical and conceptual approaches to process

optimisation, in both single species as well as microbial communities [6,58].
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