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ABSTRACT

Deep learning algorithms such as AlphaFold2 predict three-dimensional protein structure with
high confidence. The recent release of more than 200 million structural models provides an
unprecedented resource for functional protein annotation. Here, we used AlphaFold2 predicted
structures of fifteen plant proteomes to functionally and evolutionary analyze cysteine residues
in the plant kingdom. In addition to identification of metal ligands coordinated by cysteine
residues, we systematically analyzed cysteine disulfides present in these structural predictions.
Our analysis demonstrates most of these predicted disulfides are trustworthy due their high
agreement (~96%) with those present in X-ray and NMR protein structures, their characteristic
disulfide stereochemistry, the biased subcellular distribution of their proteins and a higher
degree of oxidation of their respective cysteines as measured by proteomics. Adopting an
evolutionary perspective, zinc binding sites are increasingly present at the expense of iron-
sulfur clusters in plants. Interestingly, disulfide formation is increased in secreted proteins of
land plants, likely promoting sequence evolution to adapt to changing environments
encountered by plants. In summary, Alphafold2 predicted structural models are a rich source
of information for studying the role of cysteines residues in proteins of interest and for protein

redox biology in general.
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INTRODUCTION

Cysteine is a reactive sulfur-containing amino acid often residing in functional protein sites and
metal binding sites. The cysteine content in proteomes is positively correlated with species
complexity, ranging from 0.5% of all residues in prokaryotic proteins up to ~2% to 2.3% in
higher eukaryotes [1-3]. In line with its functional importance, cysteine is one of the most
conserved protein residues, especially in structurally buried cysteines buried cysteines and
cysteines part of disulfides [3, 4]. Highly conserved cysteines are often part of CXXC motifs
that facilitate enzymatic redox reactions [5] or binding of metal ligands [6, 7]. Metal ligands
such as zinc (Zn?*) and iron-sulfur (Fe-S) clusters are mostly coordinated by cysteine and
histidine residues [8, 9] and are often crucial to protein structure and function. Moreover, metal
binding itself can be reversible and steer protein function dependent on the local redox
homeostasis [10, 11]. Other dynamic redox switches of protein function are oxidative post-
translational modifications resulting from the reaction of cysteine thiols with reactive
oxygen/nitrogen/sulfur species [12].

Cysteine thiols also contribute to protein stability by formation of intramolecular disulfides.
Within proteins, there are two categories of disulfides bonds [13]. The major one contains
structural disulfides that are enzymatically catalyzed in plants via disulfide relay systems within
the endoplasmic reticulum (ER), Golgi apparatus, the mitochondrial intermembrane space and,
unique to plants, the thylakoid lumen of the chloroplast [14-16]. The second category entails
functional disulfides including catalytic disulfides involved in thiol redox regulation, such as in
thioredoxin domains, and allosteric disulfides that trigger conformational and possibly
functional changes within a protein [17]. Next to intramolecular disulfides, cysteines can form
intermolecular or so-called mixed disulfides between protein chains or with non-proteinaceous
thiol compounds such as glutathione. Mixed disulfides typically occur during catalytic
reduction reactions and redox relays or they can facilitate hydrogen peroxide dependent
multimerization [18, 19] and even phase separation events in plants [20].

Despite significant advancements, proteome-wide identification of disulfide peptides with mass
spectrometry remains challenging and would greatly benefit from more efficient enrichment
methods [21]. Currently, systematic studies of disulfides in protein typically rely on available
experimental structures [3, 22]. The release of AlphaFold2, however, has caused the sudden
availability of highly accurate protein structures for entire proteomes [23, 24], recently releasing

more than 200 million protein structures [25]. This presents now an unprecedented source to



structurally annotate entire proteomes. Here, we leveraged AlphaFold2 predictions to identify

disulfides and cysteine-dependent metal binding sites in fifteen proteomes of the plant kingdom.
MATERIAL AND METHODS
Protein sequences, phylogeny and orthology

Plant species diverging times were derived from TimeTree.org [26]. Small adaptations were
the divergence of Chlamydomonas and Ostreococcus estimated at ~1,050 million years ago
(MYA) [27] and Physcomitrium patens (moss) and Marchantia polymorpha (liverwort) at ~
450 MYA [28]. All protein sequences used in this study were derived from UniProtKB
reference proteomes (Table S1). Orthology relationships were determined using the PLAZA

integrative orthology tool [29].
Protein domains and subcellular localization

Protein domains from the InterPro database [30] were retrieved via the UniProtKB protein
annotation. N-terminal sorting signals were predicted using the stand-alone version of TargetP
2.0 [31] using the default settings for plant proteins. For Arabidopsis thaliana, the SUBA
database was used for subcellular protein annotation [32].

Comparison to annotated disulfides and metal binding sites from PDB and UniProtKB

To benchmark disulfides from AlphaFold2 predicted structures, we compared to all available
X-ray and NMR structures of PDB database (September 2022) for the fifteen plant species
(Dataset S2). PDBrenum [33] was used to re-number residues in PDB structures according
UniProtKB sequences (and thus AlphaFold2 residue numbering). Afterwards, SSBOND
records were parsed from 2,602 PDB files. In addition, cysteines within PDB structures that
were not part of a disulfide were kept track of in order to discern situations where AlphaFold2
did predict a disulfide. To compare metal ligand binding predictions, we retrieved cysteines that
coordinate metal ligands (Feature Type: Sites, ‘Binding site’) in Arabidopsis as annotated by
UniProtKB (‘Sites’ Feature Type: ‘Binding site’; Dataset S3).

Computational processing of protein structures

Predicted protein structures were extracted from the online AlphaFold2 resource

(https://alphafold.ebi.ac.uk/) and experimental structures from PDB (https://www.rcsb.org/).
For computational processing of AlphaFold2 predicted structures we used the Biopython [34]

PDB module to read in PDB structures and NumPy [35] to calculate geometric distances and
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dihedral angles in the Python3 programming language. The DSSP algorithm was used to assign
secondary structure and relative solvent accessibility [36]. For pKa calculation, we used the
PropKa3.0 algorithm [37]. The average depth of cysteine residues or its sulfur atoms was
calculated using the MSMS algorithm [38]. All protein structure visualizations were created
using ChimeraX (version 1.14). AlphaFold2 predicted and experimental X-ray or NMR
structures were superimposed using the built-in matchMaker algorithm using default settings.
For the ORF8 homodimer prediction, AlphaFold-Multimer (version 2.2.2) [39] was used using
the full sequence database and using the highest ranked structural model. Metal ligands were
predicted using the published metal ligand search algorithm (https://github.com/Elcock-
Lab/Metalloproteome) [40].

Data and source code availability

All the data generated here, together with the source code used for processing predicted protein

structures is available at the GitHub repository https://github.com/willems533/PlantDisulfides.
RESULTS

The protein cysteine content increased during plant land colonization

To explore the relative cysteine content within plant proteins, we selected fifteen plant species
from unicellular algae to higher land plants that are representative for plant evolution and all
have annotated UniProtKB reference proteomes (Figure 1; Table S1). These include three green
algae, two chlorophyte algae Chlamydomonas reinhardtii and Ostreococcus tauri, as well as
the streptophyte algae Chara braunii that serves as an excellent model system for studying plant
adaptation to land [41]. Land plant species include the bryophytes moss (Physcomitrium patens)
and liverwort (Marchantia polymorpha), the vascular model system Selaginella moellendorfii
and the basal angiosperm Amborella trichopoda. In addition, we included the widely studied
model species Arabidopsis thaliana and Populus tricochocarpa, as well as economically
important crops such as maize, rice, tomato and soybean. Of note, we also included eelgrass
(Zostera marina), an angiosperm that re-adjusted to a marine habitat [42]. Taken together, all
these plant species are representative for the plant kingdom, including plant evolutionary
adaptations to terrestrial habitats and exposure to higher atmospheric oxygen concentrations
(Figure 1).

The percentage of cysteine residues shows a progressive increase from ~ 1.5% in algae towards
~1.9% to 2.0% in land plant proteomes over a period of approximately 1.2 billion years (Figure
1, Table S2). Counterintuitively, Chlamydomonas and Chara present a higher number of
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cysteines per protein due to the in general larger protein size with an average protein length of
650 to 740 amino acids in these species (Figure S1). Next to mere cysteine content, we also
analyzed the occurrence of the CXXC redox motif relative to the number of cysteine residues
within each proteome (Figure 1). Despite their lower cysteine content, algae present similar
normalized numbers of CXXC motifs compared to land plants. In all plants, cysteine is
preferably positioned within CXXC motifs compared to CC to CXsC motifs (Figure S2). Hence,
a gradual increase of proteome cysteine content is evident throughout plant evolution, although,

relative to its cysteine content, CXXC redox motifs were already prominent in algae species.
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Figure 1. Cysteine and redox motif distribution in Viridiplantae. (Left) Timetree of fifteen plant
species with divergence times (x-axis, million years ago [MYA]) and respective atmospheric oxygen
concentrations (%) derived from TimeTree [26] with minor adaptations (see Methods). Plant graphics
created with BioRender.com. (Middle) Percentage of cysteine residues in the UniProtKB reference
proteome. (Right) Normalized occurrence of CXXC motifs. The number of motifs was divided by the
number of cysteine residues in the proteome and multiplied by a hundred.

Metal coordination by cysteine increases throughout plant evolution

Next, we investigated the structural context of cysteines within 430,374 AlphaFold2 predicted
structures for the fifteen plant proteomes (Dataset S1). Note that for approximately 3% (15,351)
of the UniProtKB reference proteins no AlphaFold2 structures are available (e.g. due to protein
length constraints) or lack a cysteine residue (29,795 proteins, 6.27%). First, we identified
cysteines residing in Zn?* and Fe-S cluster binding sites in all the predicted structures by using
a highly specific metal ligand searching algorithm [40]. Briefly, this algorithm iterates over
possible metal binding sites in a structure and superimpositions each Fe-S and Zn?* ligand,

retaining the best scoring ligand in terms of root mean square deviation and steric clashes.



Except for Ostreococcus (6.8%), the number of metal binding cysteines ranges between 4.5 to
6% in algae and bryophytes, while more than 6% in angiosperms — peaking at 9.6% in
Arabidopsis (Figure 2). In all plant species the majority (> 90%) of metal binding cysteines
coordinate Zn?*, while the other fraction participate in Fe-S clusters. Within the latter fraction,
cysteines are more prevalent in algae and bryophytes, in contrast to CyszHisz2 Zn?* binding sites
that are more present in higher land plants (Figure S3). Similarly, metal binding protein domains
such as CyszHis; zinc finger domains are more prevalent in land plants and, oppositely, lower
proportions of Fe-S cluster containing domains, such as the [4Fe-4S] cluster in the radical SAM
domain [43], are more abundant in green algae (Figure S4).
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Figure 2. Metal coordinating cysteine motifs in plants. (A) (Left) Schematic representation indicating
species relationships. (Middle) Percentage of cysteine residues participating in metal ligand coordination
based on AlphaFold2 predicted protein structures using the method of [40]. (Right) Distribution of
cysteines involved in different metal ligand binding sites. For an overview per metal ligand see Figure
S3. (B) Cyss Zn? binding site in Kluyveromyces lactis Arg-tRNA-protein transferase 1 (Atel) (PDB
TWG4, green) [44] and AlphaFold2 predicted structures for Chlamydomonas (UniProtKB
A0A2K3DO0B7), Selaginella (DSBRCGY9), and Arabidopsis (Q9ZT48) orthologs. Zn? ligands were
modeled by the metal ligand searching algorithm [40]. AlphaFold2 residues were colored according the
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per-residue confidence score (pLDDT) with > 90 being “highly confident” and < 70 being “low
confident” predictions.

To showcase the potential relevance of these metal binding site predictions, we turned to a
recently discovered metal ligand binding site in the arginyl-tRNA-protein transferase (ATE),
which is conserved in eukaryotes. Whereas binding studies using recombinant Saccharomyces
cerevisiae Atel indicate the presence of Fe-S clusters [45], the crystal structure of recombinant
Kluyveromyces lactis Atel (Figure 2B — Left) identified instead a Cyss Zn?* binding site in the
corresponding binding pocket [44]. In the AlphaFold2 predicted structures of both yeast Atel
as well as their plant orthologs, we identified consistently a Cyss Zn?* binding site, like shown
in Figure 2B for Chlamydomonas, Selaginella and Arabidopsis, and thus alike those reported
for Kluyveromyces lactis. As such, AlphaFold2 predicted structures of plant proteins can be
powerful hypothesis generators, predicting here a recently discovered metal binding site that
might be of functional relevance to plant ATE enzymes functioning in N-degron pathways and
oxygen sensing [46, 47].

A characteristic disulfide chemistry is present in AlphaFold2 predicted structures

Disulfide bonds are on average 2.05 A in length and within protein structures a threshold of 2.5
A has been used for systematic structural analysis of disulfides [22] or algorithms such as the
pKa predictor PROPKA [48]. Applying this distance constraint of 2.5 A, 195,439
intramolecular disulfides were retrieved for AlphaFold2 predicted protein structures of the
fifteen plant species (Dataset S1). Both the disulfide length (median 2.03 A, Figure 4A) and Co
atom distance (median 5.52 A, Figure S5A) matched with anticipated disulfide length of ~ 2.05
A and 5.6 A, respectively [49, 50]. Moreover, the five dihedral angles (x1, %2, %3, x2', and 1)
defined by the atoms underlying the disulfide bond (Figure 3B) agreed with those derived from
experimental data (Figure S5B-D). For instance, the %3 torsion angle (formed by Ce—Sy-Sy—Cg
bonds) peaked at approximately -85° and +100° (Figure 3C), corresponding to left- and right-
handed disulfides, respectively [50-52]. Taken together, this precise disulfide stereochemistry
highlights the accuracy of cysteine sidechain predictions by AlphaFold2, which was also
demonstrated by the correct orientation of up to four cysteine sidechains to form metal binding
pockets [40].
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Figure 3. Stereochemistry of disulfides in AlphaFold2 predicted structures. (A) Disulfide bond
(sulfur-sulfur atom) distance for 195,439 disulfides in AlphaFold2 predicted structures (B) Ball-and-
stick model of a disulfide, indicating the five dihedral angles of a disulfide: x1, 2, 3, ¥2', and x1'.
Carbon, nitrogen, oxygen and sulfur atoms were colored in grey, blue, red and yellow, respectively. (C)
Histograms of y3 dihedral angle (x-axis, binned per 5°) of disulfides in AlphaFold2 predicted structures.
For other dihedral angels see Figure S5.

AlphaFold2 predicted disulfides are consistent with X-ray and NMR protein structures

To compare disulfides in AlphaFold2 predicted structures with experimental determined
protein disulfides, we parsed 429 unique disulfides (‘SSBOND’ records) in 171 plant proteins
using 2,602 available experimental structures deposited in the Protein Data Bank (PDB,
https://www.rcsb.org/; Dataset S2). Notably, for 27 out of these 429 disulfides (6.3%), the

pairing cysteines were also found as a free cysteine. Closer inspection learned that these cases
mostly relate to small structural differences within different conformations of a protein
(complex) or crystallization of oxidized and (semi-)reduced forms of a protein. Of the other
cysteine pairs exclusively identified as disulfide, 387 (95.8%) were correctly predicted by
AlphaFold2 (Figure 4A). The 17 experimental disulfides that were not present in AlphaFold2
predicted structures included eight cases with small deviations where Cys were ~ 3 to 5 A apart,
for instance due to a slightly different orientation of a single cysteine sidechain (Figure 4B).
However, we observed also six cases with different backbone predictions, often coinciding with
lower pLDDT confidence scores. For instance, Cys337 of rice STARCH SYNTHASEL1 forms
a disulfide with Cys529 but was 9.4 A apart due to a different backbone prediction for Cys337
by AlphaFold2 that coincided with relatively lower confidence pLDDT scores (pLDDT < 90;
Figure 4C). Cys337 resides within an extended loop that facilitates disulfide bond formation
with Cys529 in rice STARCH SYNTHASEL [53], while AlphaFold2 predicts a a-helical
conformation in this region similar to those observed in bacterial glycogen synthases (Figure
S6). The remaining three wrongly predicted disulfides stemmed from lower resolution NMR

structures. Note that when only considering disulfides from experimental protein structures not
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included in the AlphaFold2 training set (released after April 2018), 131 out of 137 disulfides

(95.6%) were correctly assigned.

Next, we inspected the 33 disulfides predicted by AlphaFold2 lacking experimental validation
in the experimental structures (Dataset S2). Similar to the above cases, sixteen cysteine pairs
are within ~ 3 to 5 A distance, and three more distantly spaced cysteines were due to deviating
backbone predictions. In the case of FERREDOXIN-THIOREDOXIN REDUCTASE C
(FTRC), the Cys87-Cys117 disulfide was absent in experimental structures of FTRC in
complex with thioredoxins (Trxs), where Cys87 formed mixed-disulfides with Trx-y1 (and Trx-
2, Trx-m2) (Figure 4D) [54]. However, prior to reaction with Trx, the nucleophilic Cys87 forms
an intramolecular disulfide with Cys117 [55], thus consolidating the AlphaFold2 prediction.
While the Fe-S cluster of FTRC was correctly superimposed in the AlphaFold2 predicted
structure (Figure 4D), the [2Fe-2S] clusters in Arabidopsis and maize ferredoxin were not
identified by the metal ligand search algorithm. Instead, AlphaFold2 formed two pair of
disulfides between metal coordinating cysteines (Figure 4E). AlphaFold2 was reported before
to occasionally forms disulfide bonds in metal binding sites due to the cysteine proximity [40].
In this regard, we did identified 960 cysteines that were within a 2.5 A distance, but that also
identified to coordinate a metal ligand, and hence as such categorized (Dataset S1). To further
determine whether disulfides might actually be part of non-predicted metal binding sites, we
compared them with the 2995 cysteines in Arabidopsis proteins annotated to bind Zn?* or Fe-S
clusters in UniProtkKB. From these, 2669 cysteines (89.1%) were correctly assigned in our study
and 55 (1.8%) not predicted as metal binding were classified as disulfides (including
abovementioned ferredoxins) (Dataset S3). Hence, cysteines part of metal binding sites are

adequately assigned in this study and hardly gave rise to incorrect disulfides in our analysis.
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Figure 4. Comparison of AlphaFold2 predicted protein disulfides with experimentally determined
disulfides. (A) Overlap of AlphaFold2 predicted disulfides and disulfides (‘SSBOND’) from
experimental protein structures from PDB available for the fifteen plant species. (B-E) Comparisons of
AlphaFold2 predicted and experimental protein structures with non-matching disulfides. Iron-sulfur
clusters were determined only experimentally (E) or also predicted by the metal ligand searching
algorithm in the AlphaFold2 predicted structure (D). AlphaFold2 predicted proteins were colored by
each residue’s pLDDT score, ranging from dark blue (pLDDT > 90, “very high confidence™), light blue
(pLDDT > 70, “confident”) and low and orange indicting a “low and very confidence” prediction,
respectively.

Disulfide are overrepresented in secretory pathway proteins

Next, we assessed the amount of disulfides in different subcellular compartments. Therefore,
we first categorized the subcellular location of proteins in all plant species based on the presence
of N-terminal sorting signals predicted by TargetP 2.0 [31], scoring the presence of a secretory
signal peptide (SP) and mitochondrial, chloroplast and thylakoid lumenal transit peptides (mTP,
cTP and IuTP, respectively). The prediction of N-terminal sorting signals ranged between 6.7%
(Chara) up to 25.5% (Arabidopsis) per plant proteome (Figure S7). Next, we assessed the
proportion of cysteine residues that form disulfides according the predicted N-terminal sorting
signals. For proteins lacking N-terminal sorting signals, 6.20% of the cysteines form disulfides,
while merely 3.99% and 3.01% in proteins containing cTP and mTP, respectively. Conversely,
57.8% of cysteines in proteins targeted to the secretory pathway form disulfides (with a
predicted secretory SP), and 26.1% of those proteins targeted to the thylakoid lumen (Figure

5A — Top). These numbers are in line with the subcellular locations for oxidative folding of
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plant proteins [14, 15]. Disulfides have been identified in at least 30 thylakoid lumenal proteins
[56], including VIOLAXANTHIN DE-EPOXIDASE (VDE) that contains six functionally
important disulfide bridges [57], all of them present in the AlphaFold2 predicted with structure,
with five of them in the N-terminal cysteine-rich domain (Figure 5C). Thus far, only a single
disulfide, Cys231-Cys362, was identified in an experimental structure of the Arabidopsis VDE
lipocalin protein domain (Figure 5C) [58]. In addition to the 30 reported disulfide-containing
lumenal proteins [56], we identified thylakoid lumenal 17.9 kDa and protein nuclear-encoded
photosystem |1 subunit T to contain disulfides in multiple plant species (Figure S8). While
predicted sorting signals are a useful proxy for subcellular protein annotation of relatively less
annotated plant species, we next relied on a more refined subcellular protein annotation for
Arabidopsis. Based on the SUBA consensus location [32], 72.1% of cysteines residues of
extracellular proteins form disulfides (Figure 5A — Bottom), approximately 20% in the vacuole,
plasma membrane, and Golgi apparatus, and 15% of cysteines in proteins residing in the
endoplasmic reticulum (ER). Conversely, proteins in the cytosol, mictochondrion, plastid,
peroxisome and nucleus have a lower disulfide content (~2% to 4.5% of cysteines), which is in
line with redox-sensitive biosensors based observations that demonstrate these compartments

as reducing environments in Arabidopsis, unlike the oxidative ER [59].

Given the strong subcellular preference of disulfides, we next assessed the proportion of all
cysteine residues and those that form disulfides in a subcellular context. While proteins lacking
sorting signals show increased cysteine proportions, secreted proteins have a cysteine content
above 2% in all species except in Chara (Figure 5C). For other compartments, like the
chloroplast, there appears a lower cysteine content of ~1.3% in the green algae Chlamydomonas
and Ostreoccus compared to ~1.5% in the streptophyte algae Chara and land plants. Thus,
cysteine content in secreted proteins does not correlate with complexity of plant species. In
contrast, other subcellular compartments display a more variable cysteine content. While for
proteins lacking a N-terminal sorting signal there is a increased cysteine content stagnating at
~1.9% in land plants (Figure 1), it only reaches up to ~1.6% in mitochondrial proteins (Figure
5C). Within the land plants, there is however an increased tendency towards disulfide formation
in secreted proteins. A trend which is not apparent in proteins residing in other subcellular
compartments (Figure 5C; Figure S9). These disulfides in land plant proteins are often involved
in intercellular communication, cell wall processes or defense responses that for instance
contain disulfide-containing domains such as pectinesterase inhibitor domains, secretory

peroxidase domains or defensin-like proteins (Figure S10).
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Figure 5. Cysteine and disulfides are (increasingly) abundant in secreted plant proteins. (A)
Proportion of cysteine residues forming disulfides for proteins according (i) N-terminal sorting signal
predictions by TargetP 2.0 for all plant species (Top) [31] and (ii) SUBA4 consensus locations for
Arabidopsis proteins (with total protein numbers between parentheses) (Bottom). (B) Comparison of
AlphaFold2 predicted and experimental protein structure (PDB: 3CQN; [58]) for VIOLAXANTHIN
DE-EPOXIDASE (VDE; UniProtkKB Q39249). Disulfides were indicated in red. AlphaFold2 predicted
proteins were colored by each residue’s pLDDT score, ranging from dark blue (pLDDT > 90, “very high
confidence”), light blue (pLDDT > 70, “confident”) and low and orange indicting a “low and very
confidence” prediction, respectively. (C) Proportion of cysteine residues (orange) and cysteine residues
forming a disulfide in AlphaFold2 predicted structures (red) in plant proteins according N-terminal
sorting signal predictions. For all compartments see Figure S9. Abbreviations: SP, signal peptide; TP,

transit peptide.
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Cysteines in disulfides and metal binding sites show a higher degree of oxidation

Two recent redox proteomics studies could quantify the percentage of cysteine oxidation in
Arabidopsis cells via differential labeling of cysteines before and after a general thiol reduction
step (e.g. DTT/TCEP), thereby discriminatively labeling both natively reduced thiols and
reversibly oxidized thiols, respectively. In addition to disulfides, the reversibly oxidized thiols
include various oxidative post-translation modifications such as S-sulfenylation, S-
nitrosylation, persulfidation, and others. In the first study, iodoTMT isobaric labels were used
to quantify rapid mitochondrial thiol reduction events reflective of seed imbibition [60]. In a
second study, isotopic-labeled N-ethylmaleimide was used to quantify thiol oxidation changes
in H2O> treated leaves [61]. Next, we plotted the percentage of oxidation for cysteines
categorized in our study to be either unbound, to be part of disulfides bonds or involved in metal
ligand binding based on AlphaFold2 predicted structures. In isolated mitochondria, disulfide
forming cysteines display on average 75% of oxidation, while 52 % oxidized in leaves (Figure
6). Hence, as anticipated, cysteines part of predicted intramolecular disulfides have a higher
degree of oxidation. In case of metal binding cysteines, increased oxidation is only noted in the
mitochondrial study (~ 45%) [60]. This apparent discrepancy is probably due to the acidic
protein extraction buffer used for the leaves [61], which destabilizes metal binding sites and
hence renders cysteines susceptible for alkylation prior to the thiol reduction step. Notably,
cysteines categorized in our analysis to be unbound yet that appear to be highly oxidized (e.g.
> 50%) might represent cysteines forming disulfides, binding metal ligands (or other cofactors),
or simply be very susceptible to reversible, oxidative cysteine modifications such as S-
sulfenylation, S-nitrosylation, S-glutathionylation and others. For example, Cys165 of
MITOCHONDRIAL FERREDOXIN1 (MFDX1) was 72.5% oxidized and not predicted to be
part of a disulfide or metal binding site based on AlphaFold2 predicted structures (Figure 6).
However, this cysteine is known to bind a [2Fe-2S] cluster [62] and is reminiscent of the [2Fe-
2S] cluster in chloroplast ferredoxins (Figure 4E), though cysteine pairs are now ~ 3.3 A apart.
Taken together, quantifying the degree of cysteine oxidation can offer complementary evidence
to functionally annotate cysteines in combination with AlphaFold2 predicted structures.
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Figure 6. Metal binding and disulfide formation result in elevated cysteine oxidation measured by
proteomics. The percentage of cysteine oxidation (y-axis) was plotted according cysteines annotated in
this study as free cysteine or part of a disulfide or metal-binding sites in this study based on AlphaFold2
predicted structures (x-axis). The degree of cysteine oxidation (%) was derived from the supplementary
data of two independent studies in Arabidopsis [60, 61]. Only peptides containing a single cysteine and
guantified in at least two out three replicates of the control sample were considered. For the study of
Nietzel et al., #1 reflects the control sample for the 2-oxoglutarate treatment and #2 the control sample
for the citrate treatment. Abbreviations: MFDX1, MITOCHONDRIAL FERREDOXINL1.
DISCUSSION

In this work we took advantage of the recent release of more than a million AlphaFold2
predicted protein structures [25] to structurally annotate all cysteines in fifteen plant proteomes.
For the model land plant Arabidopsis, approximately 25% (50,312 / 208,029) of all cysteines
were predicted to either form a disulfide (14.8% Cys) or bind metal ligands (9.6% Cys). All our
analyses suggest that AlphaFold2 predicted disulfides are highly accurate. This is supported at
multiple levels: a strong agreement (~96%) with disulfides previously identified in X-ray and
NMR protein structures, a characteristic disulfide stereochemistry, a higher presence in
oxidative subcellular compartments and a high percentage of cysteine oxidation as measured

by proteomics.

The proportion of cysteines in a proteome positively correlates with the complexity of the
species [1, 2]. Here, focusing on plants, a similar trend was observed with green algae (~ 1.5%),
mosses (~ 1.7%) and higher land plants (~ 1.9%). However, this trend does not apply to the
secreted proteins, which maintain a higher and relatively stable cysteine content of ~ 2 to 2.4%.

In addition to a higher cysteine content, AlphaFold2 predicted structures of proteins routed via
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the secretory pathways are rich in disulfides, in line with experimental observations [22]. These
disulfides are critical to stabilize the protein structure in the oxidative extracellular milieu [63].
Moreover, the increased structural stability offered by disulfides accelerates sequence evolution
of membrane and extracellular proteins [64] that are evolving faster than cytosolic proteins due
to a stronger selective pressure for adaptation to changing environments [65]. In this
perspective, the observed increase in disulfide formation in land plants likely positively
correlates with sequence evolution of secreted proteins and thereby facilitated adaptations to
new terrestrial habitats, such as intercellular communication, cell wall biogenesis and pathogen

defenses.

Using an established algorithm to search for metal ligands in AlphaFold2 predicted structures
[40], we identified ~ 37,000 metalloproteins in fifteen selected plant species. This revealed that
the proportion of cysteine to coordinate Zn?* is elevated in land plant proteins, at the expense
of Fe-S clusters that are more abundant in green algae. This phenomenon of increased Zn?*
binding has been observed before in eukaryotes compared to prokaryotes and has been linked
to rising atmospheric oxygen concentrations [66, 67]. More concretely, oxygenic
photosynthesis and consequently increased oxygen levels led to a decrease of soluble Fe?*
levels in oceans, opposed to transition metals such as Cu and Zn?* that are estimated to have
increased in concentration ~ 800 million years ago [68]. This is also reflected in the plant
proteomes, with relatively more Fe-S clusters present in the chlorophyte algae Ostreococcus
and Chlamydomonas that have been estimated to diverge from streptophyte algae and plants
roughly around 725 to 1200 million years ago [68]. The freshwater streptophyte algae Chara
presented an unusual case, with unusually high proportions of Zn?* binding sites due to the
presence of reverse transcriptases and nucleases that are not typically found in algae or land
plants (Figure S4) [41]. While genomes and proteomes of other sequenced streptophyte algae
would have been interesting to include in our analysis, e.g. Mesostigma viride and Chlorokybus
atmophyticus [70], we solely retrieved a UniProtKB reference proteome (and AlphaFold2

predictions) for Chara braunii.

A current limitation of AlphaFold2 predictions is that they are monomeric and lack potential
cofactors, interactors, or other relevant biomolecules that can adjust protein conformation in
cellulo. However, structural predictions of multimeric protein complexes are becoming possible
now with algorithms such as AlphaFold-Multimer [39], ColabFold [71], RoseTTAFold [72] or
AF2Complex [73]. Intrigued by the fact that already intermolecular disulfides have been
proposed based on of AlphaFold2 predicted structures [73, 74], we used AlphaFold-Multimer
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to predict the structure of the SARS-CoV-2 ORF8 homodimer that contains an intermolecular
Cys20-Cys20 disulfide (Figure S11A) [75]. Despite being described as a very challenging
protein [23], the three intramolecular disulfides in ORF8 chains were correctly predicted and
Cys20 of both chains were 3.329 A apart in the AlphaFold-Multimer predicted structure (Figure
S11A). Hence, this suggests that structural predictions can be informative to propose possible
intermolecular disulfide linkages between proteins. Structural predictions can also be
informative to predict or gain mechanistic insights on cofactor or ligand binding [40, 76, 77].
For instance, next to metal ligand binding, algorithms such as AlphaFill provide structural
models of cysteines forming covalent bonds with cofactors such as c-type heme (e.g.
CYTOCHROME C-1; Figure S11B) or MoO2-molybdopterin in NITRATE REDUCTASE2
(Figure S11C). Another important consideration is that AlphaFold2 structures are static, while
protein conformation and its disulfides can be dynamic and interchangeable (Hogg, 2020). This
is as also evidenced by the absence or presence of disulfides in different deposited PDB
structures of the same protein (Dataset S2). It should be noted that the AlphaFold2 per-residue
pLDDT confidence scores in predicted structures can hint towards flexible or disordered protein
regions [78, 79]. Moreover, such disulfide alterations, and oxidative modifications, are
especially anticipated in conditions perturbing redox homeostasis, such as environmental
stresses faced by plants. Despite these considerations, these available structural predictions are
of particular interest to protein redox biology.

In summary, AlphaFold2 predicted structures provide a compelling resource to identify
cysteines forming disulfides and metal binding sites in proteins or whole proteomes of interest.
This structural perspective can serve as an excellent starting point in hypothesis formulation in
protein redox biology and future developments are bound to offer us increasingly accurate

structural perspectives on cellular redox regulation.
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SUPPLEMENTAL TABLES

Table S1. Fifteen plant species used in this study. The NCBI taxonomy identifier, UniProtKB
reference proteome identifier and total of number of proteins per species. Proteomes were downloaded
in September 2022.

Species NCBI Taxonomy UniProtKB Proteins
Ostreococcus tauri 70448 UP000009170 7,743
Chlamydomonas reinhardtii 3055 UP000006906 17,614
Chara braunii 69332 UP000265515 34,644
Marchantia polymorpha 3197 UP000244005 19,120
Physcomitrium patens 3218 UP000006727 31,358
Selaginella moellendorffii 88036 UP000001514 33,119
Amborella trichopoda 13333 UP000017836 27,366
Oryza sativa subsp. japonica 39947 UP000059680 43,673
Zea mays 4577 UP000007305 39,207
Zostera marina 29655 UP000036987 20,358
Solanum lycopersicum 4081 UP000004994 34,655
Populus trichocarpa 3694 UP000006729 42,532
Glycine max 3847 UP000008827 55,855
Brassica rapa subsp. pekinensis 51351 UP000011750 40,801
Arabidopsis thaliana 3702 UP000006548 27,476
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Table S2. Cysteine content per plant species. Number of total amino acid residues and cysteine

residues for the plant species UniProtKB reference proteomes (see Table S1).

Species

Total residues

Cysteine residues (%)

Ostreococcus tauri
Chlamydomonas reinhardtii
Chara braunii
Marchantia polymorpha
Physcomitrium patens
Selaginella moellendorffii
Amborella trichopoda
Oryza sativa subsp. japonica
Zea mays
Zostera marina
Solanum lycopersicum
Populus trichocarpa
Glycine max
Brassica rapa subsp. pekinensis
Arabidopsis thaliana

3,561,433
13,015,830
22,684,904

7,753,135
11,734,425
13,317,936

8,595,683
13,398,719
14,534,640

7,946,007
12,261,183
15,750,084
21,729,948
15,958,951
11,124,147

57,419 (1.61%)
172,096 (1.32%)
361,906 (1.60%)
137,091 (1.77%)
215,926 (1.84%)
253,762 (1.91%)
163,976 (1.91%)
260,517 (1.94%)
273,307 (1.88%)
148,617 (1.87%)
234,815 (1.92%)
303,421 (1.93%)
416,821 (1.92%)
285,707 (1.79%)
207,864 (1.87%)
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SUPPLEMENTAL FIGURES
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Figure S1. Length and cysteine content per plant species UniProtKB proteome. (Left) Schematic
representation indicating species relationships. (Middle) Protein length distribution per species and total
number of proteins. (Right) Number of cysteines per protein. Red dots indicate the mean.

21
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Normalized motif occurence
Figure S2. CXXC motifs are overrepresented in plant proteomes. (Left) Schematic representation
indicating species relationships. (Right) Normalized occurrence of CX,C motif (n = 0 to 5). The number
of CX,C motifs was divided by the number of cysteine residues in the proteome and multiplied by a
hundred.
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Figure S3. Proportion of cysteines involved in coordination of specific metal ligands. Percentage of

cysteine residues participating metal ligand coordination based on AlphaFold2 predictions using the
metal ligand search algorithm [40].
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Figure S4. Presence of metal binding InterPro protein domains in AlphaFold2 predicted

metalloproteins in the plant kingdom. Proportion of metalloproteins per plant species containing a

CyszHis; zinc finger domain (IPR013087), DYW domain (IPR032867), radical SAM domain

(IPRO07197), integrase zinc-binding domain (InterPro 1PR041588) or CCHC zinc finger domain

(IPRO01878). InterPro protein domains [30] are annotated for UniProtKB proteins in all plant species.
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Figure S5. Additional disulfide geometric properties. (A) Distribution of cystine Ca- Co length (A).
(B-D) Histograms of y1, x2, x3, x2', and 1’ dihedral angles (x-axis) of disulfides. Angles were binned
per 5°.
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Figure S6. Disulfides within rice STARCH SYNTHASE1 compared to bacterial glycogen
synthase. Structural overlay of the AlphaFold2 predicted protein of rice STARCH SYNTHASE1
(OsSS) (UniProt QODEV5) with experimental structures of rice STARCH SYNTHASEL1 itself (green,
PDB: 3VUF) [53], as well as the Escherichia coli glycogen synthase (EcGS) (purple, PDB: 3GUH)
(Top). The black rectangle indicates a zoomed in region comparing the AlphaFold2 prediction to EcGS
and OsSS experimental structures separately (Bottom). Cys337 and Cys529 that forms a disulfide bridge
in the experimental rice structure were colored in red. While Cys337 resides in an extended loop in
OsSS, the AlphaFold2 prediction resembles the a-helical conformation observed in EcGS. AlphaFold2
predicted proteins were colored by each residue’s pLDDT score, ranging from dark blue (pLDDT > 90,
“very high confidence”), light blue (pLDDT > 70, “confident”) and low and orange indicting a “low and
very confidence” prediction, respectively. TargetP predicted N-terminal sorting signals were deleted
from the structural model.
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Figure S7. Predicted N-terminal sorting signals per plant proteome. (Left) Schematic representation
indicating species relationships. (Middle) Proportion of proteins containing different targeting peptides
as predicted by TargetP 2.0 [31]. (Right) Percentage of proteins containing a signal peptide.
Abbreviations: c¢TP, chloroplast transit peptide; IuTP, thylakoid lumenal transit peptide; mTP,
mitochondrial transit peptide; noTP, no transit peptide; SP, secretory signal peptide.
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Figure S8. Disulfides in plant thylakoid lumen proteins. AlphaFold2 predicted protein structures with
of thylakoid lumen 17.9 kDa protein (Top) and the nuclear-encoded photosystem Il subunit T (Bottom)
in different plant species. Disulfides were colored in red. AlphaFold2 predicted proteins were colored
by each residue’s pLDDT score, ranging from dark blue (pLDDT > 90, “very high confidence”), light
blue (pLDDT > 70, “confident”) and low and orange indicting a “low and very confidence” prediction,
respectively. TargetP predicted N-terminal sorting signals were deleted from the structural model.
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of cysteine residues (orange) and cysteine residues forming a disulfide in AlphaFold2 predicted
structures (red) in plant proteins according N-terminal sorting signal predictions [31]. Abbreviations:

Figure S9. Cysteine content and disulfide formation within subcellular compartments. Proportion
TP, transit peptide.
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Figure S10. Proportion of secreted proteins (with TargetP 2.0 predicted signal peptide) with predicted
disulfide bonds per plant species containing a pectinesterase inhibitor domain (InterPro IPR006501),
secretory peroxidase domain (InterPro IPR033905) or belong to the plant-defensin like protein family
(InterPro IPR010851).
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Figure S11. Structural prediction of intermolecular disulfides and cysteine bound cofactors. (A)
Experimental structure (PDB 7JX6; [75]) and AlphaFold2 predicted model of the SARS-CoV-2 ORF8
homodimer. Disulfides were colored in red. (B) AlphaFold2 predicted model of CYTOCHROME C-1
(UniProtkKB 023138) with a heme c-type cofactor placed by AlphaFill [76]. (C) AlphaFold2 predicted
model of NITRATE REDUCTASE?2 (UniProtKB P11035) with a MoO,-molybdopterin cofactor placed
by AlphaFill [76]. AlphaFold2 predicted proteins were colored by each residue’s pLDDT score, ranging
from dark blue (pLDDT > 90, “very high confidence”), light blue (pLDDT > 70, “confident”) and low
and orange indicting a “low and very confidence” prediction, respectively. TargetP 2.0 predicted N-
terminal sorting signals were deleted from the structural model.

31



REFERENCES

[1] A. Miseta, P. Csutora, Relationship between the occurrence of cysteine in proteins and the
complexity of organisms, Mol Biol Evol 17(8) (2000) 1232-9.

[2] C. Wiedemann, A. Kumar, A. Lang, O. Ohlenschlager, Cysteines and Disulfide Bonds as
Structure-Forming Units: Insights From Different Domains of Life and the Potential for
Characterization by NMR, Front Chem 8 (2020) 280.

[3] J.W. Wong, S.Y. Ho, P.J. Hogg, Disulfide bond acquisition through eukaryotic protein
evolution, Mol Biol Evol 28(1) (2011) 327-34.

[4] S.M. Marino, V.N. Gladyshev, Cysteine function governs its conservation and degeneration
and restricts its utilization on protein surfaces, J Mol Biol 404(5) (2010) 902-16.

[5] D.E. Fomenko, V.N. Gladyshev, Identity and functions of CxxC-derived motifs,
Biochemistry 42(38) (2003) 11214-25.

[6] Y.Y. Shi, W. Tang, S.F. Hao, C.C. Wang, Contributions of cysteine residues in Zn2 to zinc
fingers and thiol-disulfide oxidoreductase activities of chaperone DnaJ, Biochemistry
44(5) (2005) 1683-9.

[71 Y. Lu, Assembly and Transfer of Iron-Sulfur Clusters in the Plastid, Front Plant Sci 9 (2018)
336.

[8] N.J. Pace, E. Weerapana, Zinc-binding cysteines: diverse functions and structural motifs,
Biomolecules 4(2) (2014) 419-34.

[9] H. Sticht, P. Rosch, The structure of iron-sulfur proteins, Prog Biophys Mol Biol 70(2)
(1998) 95-136.

[10] W. Maret, The redox biology of redox-inert zinc ions, Free Radic Biol Med 134 (2019)
311-326.

[11] F.W. Outten, E.C. Theil, Iron-based redox switches in biology, Antioxid Redox Signal
11(5) (2009) 1029-46.

[12] F.J. Corpas, S. Gonzalez-Gordo, M. Rodriguez-Ruiz, M.A. Munoz-Vargas, J.M. Palma,
Thiol-based Oxidative Posttranslational Modifications (OxiPTMs) of Plant Proteins, Plant
Cell Physiol 63(7) (2022) 889-900.

[13] J. Chiu, P.J. Hogg, Allosteric disulfides: Sophisticated molecular structures enabling
flexible protein regulation, J Biol Chem 294(8) (2019) 2949-2960.

[14] AJ. Meyer, J. Riemer, N. Rouhier, Oxidative protein folding: state-of-the-art and current
avenues of research in plants, New Phytol 221(3) (2019) 1230-1246.

[15] M. Karamoko, S. Cline, K. Redding, N. Ruiz, P.P. Hamel, Lumen Thiol Oxidoreductasel,
a disulfide bond-forming catalyst, is required for the assembly of photosystem Il in
Arabidopsis, Plant Cell 23(12) (2011) 4462-75.

[16] Y. Lu, H.R. Wang, H. Li, H.R. Cui, Y.G. Feng, X.Y. Wang, A chloroplast membrane
protein LTO1/AtVKOR involving in redox regulation and ROS homeostasis, Plant Cell
Rep 32(9) (2013) 1427-40.

[17] B. Schmidt, L. Ho, P.J. Hogg, Allosteric disulfide bonds, Biochemistry 45(24) (2006)
7429-33.

[18] J. Huang, A.K. Niazi, D. Young, L.A. Rosado, D. Vertommen, N. Bodra, M.R.
Abdelgawwad, F. Vignols, B. Wei, K. Wahni, T. Bashandy, L. Bariat, F. Van Breusegem,
J. Messens, J.P. Reichheld, Self-protection of cytosolic malate dehydrogenase against
oxidative stress in Arabidopsis, J Exp Bot 69(14) (2018) 3491-3505.

[19] Q. Lu, A. Houbaert, Q. Ma, J. Huang, L. Sterck, C. Zhang, R. Benjamins, F. Coppens, F.
Van Breusegem, E. Russinova, Adenosine monophosphate deaminase modulates BIN2
activity through hydrogen peroxide-induced oligomerization, Plant Cell 34(10) (2022)
3844-38509.

32



[20] X. Huang, S. Chen, W. Li, L. Tang, Y. Zhang, N. Yang, Y. Zou, X. Zhai, N. Xiao, W. Liu,
P. Li, C. Xu, ROS regulated reversible protein phase separation synchronizes plant
flowering, Nat Chem Biol 17(5) (2021) 549-557.

[21] S. Lu, S.B. Fan, B. Yang, Y.X. Li, J.M. Meng, L. Wu, P. Li, K. Zhang, M.J. Zhang, Y. Fu,
J. Luo, R.X. Sun, S.M. He, M.Q. Dong, Mapping native disulfide bonds at a proteome
scale, Nat Methods 12(4) (2015) 329-31.

[22] I. Bosnjak, V. Bojovic, T. Segvic-Bubic, A. Bielen, Occurrence of protein disulfide bonds
in different domains of life: a comparison of proteins from the Protein Data Bank, Protein
Eng Des Sel 27(3) (2014) 65-72.

[23] J. Jumper, R. Evans, A. Pritzel, T. Green, M. Figurnov, O. Ronneberger, K.
Tunyasuvunakool, R. Bates, A. Zidek, A. Potapenko, A. Bridgland, C. Meyer, S.A.A.
Kohl, A.J. Ballard, A. Cowie, B. Romera-Paredes, S. Nikolov, R. Jain, J. Adler, T. Back,
S. Petersen, D. Reiman, E. Clancy, M. Zielinski, M. Steinegger, M. Pacholska, T.
Berghammer, S. Bodenstein, D. Silver, O. Vinyals, A.\W. Senior, K. Kavukcuoglu, P.
Kohli, D. Hassabis, Highly accurate protein structure prediction with AlphaFold, Nature
596(7873) (2021) 583-589.

[24] M. Varadi, S. Anyango, M. Deshpande, S. Nair, C. Natassia, G. Yordanova, D. Yuan, O.
Stroe, G. Wood, A. Laydon, A. Zidek, T. Green, K. Tunyasuvunakool, S. Petersen, J.
Jumper, E. Clancy, R. Green, A. Vora, M. Lutfi, M. Figurnov, A. Cowie, N. Hobbs, P.
Kohli, G. Kleywegt, E. Birney, D. Hassabis, S. Velankar, AlphaFold Protein Structure
Database: massively expanding the structural coverage of protein-sequence space with
high-accuracy models, Nucleic Acids Res 50(D1) (2022) D439-D444.

[25] E. Callaway, 'The entire protein universe': Al predicts shape of nearly every known protein,
Nature 608(7921) (2022) 15-16.

[26] S. Kumar, G. Stecher, M. Suleski, S.B. Hedges, TimeTree: A Resource for Timelines,
Timetrees, and Divergence Times, Mol Biol Evol 34(7) (2017) 1812-18109.

[27] M.D. Herron, J.D. Hackett, F.O. Aylward, R.E. Michod, Triassic origin and early radiation
of multicellular volvocine algae, Proc Natl Acad Sci U S A 106(9) (2009) 3254-8.

[28] J.L. Bowman, The liverwort Marchantia polymorpha, a model for all ages, Curr Top Dev
Biol 147 (2022) 1-32.

[29] M. Van Bel, F. Silvestri, E.M. Weitz, L. Kreft, A. Botzki, F. Coppens, K. Vandepoele,
PLAZA 5.0: extending the scope and power of comparative and functional genomics in
plants, Nucleic Acids Res 50(D1) (2022) D1468-D1474.

[30] M. Blum, H.Y. Chang, S. Chuguransky, T. Grego, S. Kandasaamy, A. Mitchell, G. Nuka,
T. Paysan-Lafosse, M. Qureshi, S. Raj, L. Richardson, G.A. Salazar, L. Williams, P. Bork,
A. Bridge, J. Gough, D.H. Haft, I. Letunic, A. Marchler-Bauer, H. Mi, D.A. Natale, M.
Necci, C.A. Orengo, A.P. Pandurangan, C. Rivoire, C.J.A. Sigrist, I. Sillitoe, N. Thanki,
P.D. Thomas, S.C.E. Tosatto, C.H. Wu, A. Bateman, R.D. Finn, The InterPro protein
families and domains database: 20 years on, Nucleic Acids Res 49(D1) (2021) D344-D354.

[31] J.J. Almagro Armenteros, M. Salvatore, O. Emanuelsson, O. Winther, G. von Heijne, A.
Elofsson, H. Nielsen, Detecting sequence signals in targeting peptides using deep learning,
Life Sci Alliance 2(5) (2019).

[32] C.M. Hooper, I.R. Castleden, S.K. Tanz, N. Aryamanesh, A.H. Millar, SUBA4: the
interactive data analysis centre for Arabidopsis subcellular protein locations, Nucleic
Acids Res 45(D1) (2017) D1064-D1074.

[33] B. Faezov, R.L. Dunbrack, Jr., PDBrenum: A webserver and program providing Protein
Data Bank files renumbered according to their UniProt sequences, PLoS One 16(7) (2021)
e0253411.

[34] P.J. Cock, T. Antao, J.T. Chang, B.A. Chapman, C.J. Cox, A. Dalke, I. Friedberg, T.
Hamelryck, F. Kauff, B. Wilczynski, M.J. de Hoon, Biopython: freely available Python

33



tools for computational molecular biology and bioinformatics, Bioinformatics 25(11)
(2009) 1422-3.

[35] C.R. Harris, K.J. Millman, S.J. van der Walt, R. Gommers, P. Virtanen, D. Cournapeau,
E. Wieser, J. Taylor, S. Berg, N.J. Smith, R. Kern, M. Picus, S. Hoyer, M.H. van Kerkwijk,
M. Brett, A. Haldane, J.F. Del Rio, M. Wiebe, P. Peterson, P. Gerard-Marchant, K.
Sheppard, T. Reddy, W. Weckesser, H. Abbasi, C. Gohlke, T.E. Oliphant, Array
programming with NumPy, Nature 585(7825) (2020) 357-362.

[36] W. Kabsch, C. Sander, Dictionary of protein secondary structure: pattern recognition of
hydrogen-bonded and geometrical features, Biopolymers 22(12) (1983) 2577-637.

[37] M.H. Olsson, C.R. Sondergaard, M. Rostkowski, J.H. Jensen, PROPKA3: Consistent
Treatment of Internal and Surface Residues in Empirical pKa Predictions, J Chem Theory
Comput 7(2) (2011) 525-37.

[38] M.F. Sanner, A.J. Olson, J.C. Spehner, Reduced surface: an efficient way to compute
molecular surfaces, Biopolymers 38(3) (1996) 305-20.

[39] R. Evans, M. O’Neill, A. Pritzel, N. Antropova, A. Senior, T. Green, A. Zidek, R. Bates,
S. Blackwell, J. Yim, O. Ronneberger, S. Bodenstein, M. Zielinski, A. Bridgland, A.
Potapenko, A. Cowie, K. Tunyasuvunakool, R. Jain, E. Clancy, P. Kohli, J. Jumper, D.
Hassabis, Protein complex prediction with AlphaFold-Multimer, bioRxiv (2022).

[40] Z.J. Wehrspan, R.T. McDonnell, A.H. Elcock, Identification of Iron-Sulfur (Fe-S) Cluster
and Zinc (Zn) Binding Sites Within Proteomes Predicted by DeepMind's AlphaFold?2
Program Dramatically Expands the Metalloproteome, J Mol Biol 434(2) (2022) 167377.

[41] T. Nishiyama, H. Sakayama, J. de Vries, H. Buschmann, D. Saint-Marcoux, K.K. Ullrich,
F.B. Haas, L. Vanderstraeten, D. Becker, D. Lang, S. Vosolsobe, S. Rombauts, P.K.I.
Wilhelmsson, P. Janitza, R. Kern, A. Heyl, F. Rumpler, L. Villalobos, J.M. Clay, R.
Skokan, A. Toyoda, Y. Suzuki, H. Kagoshima, E. Schijlen, N. Tajeshwar, B. Catarino, A.J.
Hetherington, A. Saltykova, C. Bonnot, H. Breuninger, A. Symeonidi, G.V.
Radhakrishnan, F. Van Nieuwerburgh, D. Deforce, C. Chang, K.G. Karol, R. Hedrich, P.
Ulvskov, G. Glockner, C.F. Delwiche, J. Petrasek, Y. Van de Peer, J. Friml, M. Beilby, L.
Dolan, Y. Kohara, S. Sugano, A. Fujiyama, P.M. Delaux, M. Quint, G. Theissen, M.
Hagemann, J. Harholt, C. Dunand, S. Zachgo, J. Langdale, F. Maumus, D. Van Der
Straeten, S.B. Gould, S.A. Rensing, The Chara Genome: Secondary Complexity and
Implications for Plant Terrestrialization, Cell 174(2) (2018) 448-464 e24.

[42] J.L. Olsen, P. Rouze, B. Verhelst, Y.C. Lin, T. Bayer, J. Collen, E. Dattolo, E. De Paoli,
S. Dittami, F. Maumus, G. Michel, A. Kersting, C. Lauritano, R. Lohaus, M. Topel, T.
Tonon, K. Vanneste, M. Amirebrahimi, J. Brakel, C. Bostrom, M. Chovatia, J. Grimwood,
J.W. Jenkins, A. Jueterbock, A. Mraz, W.T. Stam, H. Tice, E. Bornberg-Bauer, P.J. Green,
G.A. Pearson, G. Procaccini, C.M. Duarte, J. Schmutz, T.B. Reusch, Y. Van de Peer, The
genome of the seagrass Zostera marina reveals angiosperm adaptation to the sea, Nature
530(7590) (2016) 331-5.

[43] N.D. Lanz, S.J. Booker, Auxiliary iron-sulfur cofactors in radical SAM enzymes, Biochim
Biophys Acta 1853(6) (2015) 1316-34.

[44] B.H. Kim, M.K. Kim, S.J. Oh, K.T. Nguyen, J.H. Kim, A. Varshavsky, C.S. Hwang, H.K.
Song, Crystal structure of the Atel arginyl-tRNA-protein transferase and arginylation of
N-degron substrates, Proc Natl Acad Sci U S A 119(31) (2022) e2209597119.

[45] V. Van, J.B. Brown, H. Rosenbach, I. Mohamed, N.-E. Ejimogu, T.S. Bui, V.A. Szalali,
K.N. Chacon, I. Span, A.T. Smith, Iron-sulfur clusters are involved in post-translational
arginylation, bioRxiv (2021) 2021.04.13.439645.

[46] S. Yoshida, M. Ito, J. Callis, I. Nishida, A. Watanabe, A delayed leaf senescence mutant
is defective in arginyl-tRNA:protein arginyltransferase, a component of the N-end rule
pathway in Arabidopsis, Plant J 32(1) (2002) 129-37.

34



[47] E. Graciet, F. Walter, D.S. O'Maoileidigh, S. Pollmann, E.M. Meyerowitz, A. Varshavsky,
F. Wellmer, The N-end rule pathway controls multiple functions during Arabidopsis shoot
and leaf development, Proc Natl Acad Sci U S A 106(32) (2009) 13618-23.

[48] C.R. Sondergaard, M.H. Olsson, M. Rostkowski, J.H. Jensen, Improved Treatment of
Ligands and Coupling Effects in Empirical Calculation and Rationalization of pKa Values,
J Chem Theory Comput 7(7) (2011) 2284-95.

[49] X. Gao, X. Dong, X. Li, Z. Liu, H. Liu, Prediction of disulfide bond engineering sites using
a machine learning method, Sci Rep 10(1) (2020) 10330.

[50] M.T. Petersen, P.H. Jonson, S.B. Petersen, Amino acid neighbours and detailed
conformational analysis of cysteines in proteins, Protein Eng 12(7) (1999) 535-48.

[51] D.A. Armstrong, Q. Kaas, K.J. Rosengren, Prediction of disulfide dihedral angles using
chemical shifts, Chem Sci 9(31) (2018) 6548-6556.

[52] D.B. Craig, A.A. Dombkowski, Disulfide by Design 2.0: a web-based tool for disulfide
engineering in proteins, BMC Bioinformatics 14 (2013) 346.

[53] M. Momma, Z. Fujimoto, Interdomain disulfide bridge in the rice granule bound starch
synthase | catalytic domain as elucidated by X-ray structure analysis, Biosci Biotechnol
Biochem 76(8) (2012) 1591-5.

[54] L. Juniar, H. Tanaka, K. Yoshida, T. Hisabori, G. Kurisu, Structural basis for thioredoxin
isoform-based fine-tuning of ferredoxin-thioredoxin reductase activity, Protein Sci 29(12)
(2020) 2538-2545.

[55] S. Dai, R. Friemann, D.A. Glauser, F. Bourquin, W. Manieri, P. Schurmann, H. Eklund,
Structural snapshots along the reaction pathway of ferredoxin-thioredoxin reductase,
Nature 448(7149) (2007) 92-6.

[56] Z.H. Kang, G.X. Wang, Redox regulation in the thylakoid lumen, J Plant Physiol 192
(2016) 28-37.

[57] D. Simionato, S. Basso, M. Zaffagnini, T. Lana, F. Marzotto, P. Trost, T. Morosinotto,
Protein redox regulation in the thylakoid lumen: the importance of disulfide bonds for
violaxanthin de-epoxidase, FEBS Lett 589(8) (2015) 919-23.

[58] P. Arnoux, T. Morosinotto, G. Saga, R. Bassi, D. Pignol, A structural basis for the pH-
dependent xanthophyll cycle in Arabidopsis thaliana, Plant Cell 21(7) (2009) 2036-44.

[59] M. Schwarzlander, M.D. Fricker, C. Muller, L. Marty, T. Brach, J. Novak, L.J. Sweetlove,
R. Hell, A.J. Meyer, Confocal imaging of glutathione redox potential in living plant cells,
J Microsc 231(2) (2008) 299-316.

[60] T. Nietzel, J. Mostertz, C. Ruberti, G. Nee, P. Fuchs, S. Wagner, A. Moseler, S.J. Muller-
Schussele, A. Benamar, G. Poschet, M. Buttner, I.M. Moller, C.H. Lillig, D. Macherel, M.
Wirtz, R. Hell, I. Finkemeier, A.J. Meyer, F. Hochgrafe, M. Schwarzlander, Redox-
mediated kick-start of mitochondrial energy metabolism drives resource-efficient seed
germination, Proc Natl Acad Sci U S A 117(1) (2020) 741-751.

[61] S. Doron, N. Lampl, A. Savidor, C. Katina, A. Gabashvili, Y. Levin, S. Rosenwasser,
SPEAR: A proteomics approach for simultaneous protein expression and redox analysis,
Free Radic Biol Med 176 (2021) 366-377.

[62] K. Takubo, T. Morikawa, Y. Nonaka, M. Mizutani, S. Takenaka, K. Takabe, M.A.
Takahashi, D. Ohta, Identification and molecular characterization of mitochondrial
ferredoxins and ferredoxin reductase from Arabidopsis, Plant Mol Biol 52(4) (2003) 817-
30.

[63] M.J. Feige, I. Braakman, L.M. Hendershot, CHAPTER 1.1 Disulfide Bonds in Protein
Folding and Stability, Oxidative Folding of Proteins: Basic Principles, Cellular Regulation
and Engineering, The Royal Society of Chemistry2018, pp. 1-33.

[64] F. Feyertag, D. Alvarez-Ponce, Disulfide Bonds Enable Accelerated Protein Evolution,
Mol Biol Evol 34(8) (2017) 1833-1837.

35



[65] V. Sojo, C. Dessimoz, A. Pomiankowski, N. Lane, Membrane Proteins Are Dramatically
Less Conserved than Water-Soluble Proteins across the Tree of Life, Mol Biol Evol 33(11)
(2016) 2874-2884.

[66] C.L. Dupont, A. Butcher, R.E. Valas, P.E. Bourne, G. Caetano-Anolles, History of
biological metal utilization inferred through phylogenomic analysis of protein structures,
Proc Natl Acad Sci U S A 107(23) (2010) 10567-72.

[67] C.L. Dupont, S. Yang, B. Palenik, P.E. Bourne, Modern proteomes contain putative
imprints of ancient shifts in trace metal geochemistry, Proc Natl Acad Sci U S A 103(47)
(2006) 17822-7.

[68] A.D. Anbar, Oceans. Elements and evolution, Science 322(5907) (2008) 1481-3.

[69] B. Becker, B. Marin, Streptophyte algae and the origin of embryophytes, Ann Bot 103(7)
(2009) 999-1004.

[70] S. Wang, L. Li, H. Li, S.K. Sahu, H. Wang, Y. Xu, W. Xian, B. Song, H. Liang, S. Cheng,
Y. Chang, Y. Song, Z. Cebi, S. Wittek, T. Reder, M. Peterson, H. Yang, J. Wang, B.
Melkonian, Y. Van de Peer, X. Xu, G.K. Wong, M. Melkonian, H. Liu, X. Liu, Genomes
of early-diverging streptophyte algae shed light on plant terrestrialization, Nat Plants 6(2)
(2020) 95-106.

[71] M. Mirdita, K. Schutze, Y. Moriwaki, L. Heo, S. Ovchinnikov, M. Steinegger, ColabFold:
making protein folding accessible to all, Nat Methods 19(6) (2022) 679-682.

[72] M. Baek, F. DiMaio, I. Anishchenko, J. Dauparas, S. Ovchinnikov, G.R. Lee, J. Wang, Q.
Cong, L.N. Kinch, R.D. Schaeffer, C. Millan, H. Park, C. Adams, C.R. Glassman, A.
DeGiovanni, J.H. Pereira, A.V. Rodrigues, A.A. van Dijk, A.C. Ebrecht, D.J. Opperman,
T. Sagmeister, C. Buhlheller, T. Pavkov-Keller, M.K. Rathinaswamy, U. Dalwadi, C.K.
Yip, J.E. Burke, K.C. Garcia, N.V. Grishin, P.D. Adams, R.J. Read, D. Baker, Accurate
prediction of protein structures and interactions using a three-track neural network, Science
373(6557) (2021) 871-876.

[73] M. Gao, D. Nakajima An, J.M. Parks, J. Skolnick, AF2Complex predicts direct physical
interactions in multimeric proteins with deep learning, Nat Commun 13(1) (2022) 1744.

[74] T. Hegedus, M. Geisler, G.L. Lukacs, B. Farkas, Ins and outs of AlphaFold2
transmembrane protein structure predictions, Cell Mol Life Sci 79(1) (2022) 73.

[75] T.G. Flower, C.Z. Buffalo, R.M. Hooy, M. Allaire, X. Ren, J.H. Hurley, Structure of
SARS-CoV-2 ORFS, a rapidly evolving immune evasion protein, Proc Natl Acad Sci U S
A 118(2) (2021).

[76] M.L. Hekkelman, I. de Vries, R.P. Joosten, A. Perrakis, AlphaFill: enriching the AlphaFold
models with ligands and co-factors, bioRxiv (2021).

[77] D. Jakubec, P. Skoda, R. Krivak, M. Novotny, D. Hoksza, PrankWeb 3: accelerated ligand-
binding site predictions for experimental and modelled protein structures, Nucleic Acids
Res (2022).

[78] H.B. Guo, A. Perminov, S. Bekele, G. Kedziora, S. Farajollahi, V. Varaljay, K. Hinkle, V.
Molinero, K. Meister, C. Hung, P. Dennis, N. Kelley-Loughnane, R. Berry, AlphaFold2
models indicate that protein sequence determines both structure and dynamics, Sci Rep
12(1) (2022) 10696.

[79] K. Tunyasuvunakool, J. Adler, Z. Wu, T. Green, M. Zielinski, A. Zidek, A. Bridgland, A.
Cowie, C. Meyer, A. Laydon, S. Velankar, G.J. Kleywegt, A. Bateman, R. Evans, A.
Pritzel, M. Figurnov, O. Ronneberger, R. Bates, S.A.A. Kohl, A. Potapenko, A.J. Ballard,
B. Romera-Paredes, S. Nikolov, R. Jain, E. Clancy, D. Reiman, S. Petersen, A.W. Senior,
K. Kavukcuoglu, E. Birney, P. Kohli, J. Jumper, D. Hassabis, Highly accurate protein
structure prediction for the human proteome, Nature 596(7873) (2021) 590-596.

36



