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The optimization of diagnostic devices such as biosensors often requires understanding the molecular details of
the interaction between capture and target biomolecules. This can be experimentally obtained by cryo-electron
microscopy, the preferred method for the analysis of large protein complexes, while NMR and x-ray crystal-
lography are effective for determining the structure of complexes formed by relatively small molecules.
Nevertheless, all these approaches are demanding in terms of time and resources and, therefore, we explored the
possibility to reduce the experimental load by compensating with in silico modelling. Here we demonstrate that
an accurate prediction of the binding mode between a nanobody and its target pea ascorbate peroxidase, an
oxidative stress biomarker in plants, can be obtained by combining cross-linking mass spectrometry, hydrogen-
deuterium exchange coupled to mass spectrometry and in silico modelling. Such model allowed to precisely
design negative mutants that confirmed its accuracy. In conclusion, this study shows that an unconstrained
prediction based on deep learning models is still not sufficiently reliable for new targets and difficult-to-model
biomolecule classes such as nanobodies, while an experimental-guided approach can provide valuable struc-

tural information for lead optimization campaigns of such reagents.

1. Introduction

The biochemistry of forest plants has been historically neglected,
probably because of the technical issues related to the study of these
organisms that are not compatible with lab conditions due to their di-
mensions and the length of their physiological cycles. Nevertheless, in
an age characterized by rapid climate changes, the study of forest trees
should attract major attention, given their role as CO sink and storage
pool [1]. Specifically, it would be necessary to better understand how
external stress factors can affect the tree metabolic equilibrium and
whether enzymes known for their detoxifying activity might be useful to
monitor, and possibly mitigate, altered physiological conditions due to
environmental stress. Ascorbate peroxidase enzymes are a class of can-
didates that can be widely suited as biomarkers for such monitoring
studies, considering their crucial role as scavengers of active forms of
oxygen [2]. In the case of forest trees, analyses of physiological fluctu-
ations are hindered by the lack of reliable reagents such as antibodies
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suitable for setting the diagnostic assays necessary to quantify the pro-
tein biomarkers. Conventional antibody discovery is time-consuming
and expensive, while the isolation of antigen-specific recombinant an-
tibodies by panning libraries has become a widespread and effective
modality to recover immunoreagents applied in several research fields
[3]. Among antibody types, there has been an increasing interest in
nanobodies because of the biotechnological advantages they can offer in
applications as different as super-resolution microscopy, assisted crys-
tallography, cryo-EM, in vivo imaging, therapy or affinity chromatog-
raphy [4-9] and because of the simplicity by which they can be
engineered into reagents tailored for their final applications [10].

In a recent report [11], we showed a straightforward biopanning
protocol for the isolation of two nanobodies (BA5 and BG12) specific for
Populus nigra (poplar) ascorbate peroxidase (pAPX), previously shown to
be a biomarker of physiological stress conditions [12]. Anyway, nano-
bodies obtained by panning benefit from improvement of their bio-
physical features, such as affinity or stability [13]. Conventional
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optimization approaches are based on random mutagenesis followed by
further rounds of panning performed under more stringent conditions
[14]. Recently, rational design based on in silico predictive methods and
artificial intelligence (AI) systems for de novo redesign is taking over [15,
16] but the success rate is highly dependent on the accuracy of the
structure prediction of the nanobody in complex with its target [17].
Whereas X-ray crystallography is still the gold standard for determining
the molecular structures of proteins, now reliable information can be
obtained extremely more rapidly by leveraging Al methods trained on
published structural data [18,19]. Nevertheless, in public repositories
there are just few structurally characterized complexes between nano-
bodies and corresponding antigens [20], a condition which does not
allow Al to sample the highly variable conformations of complemen-
tarity determining regions (CDRs) that usually compose most of the
nanobody paratopes. The consequence is that the training possibility for
nanobody-antigen complexes has been limited and still impacts nega-
tively the accuracy of Al-based prediction methods. Therefore, alterna-
tive methods must be used to gain the necessary structural information.
Integrative structural biology approaches have proven to be successful
in this task, such as the combination of nuclear magnetic resonance
(NMR) and cross-linking mass spectrometry (XL-MS) to build a
computational model of the biparatopic anti-HER2 nanobody [21]. In
the most recent years, hydrogen-deuterium exchange coupled with mass
spectrometry (HDX-MS) has been successful exploited as well to map
epitopes and paratopes [22-24]. This method was often paired to other
techniques, such as XL-MS differential photoreactive surface modifica-
tion and molecular docking [25,26]. This work reports on an integrative
experimental and computational structural biology approach designed
to obtain a reliable model of the interaction between the previously
screened nanobodies and pAPX, with the aim to collect information
instrumental to foster the development of a second generation of
anti-pAPX nanobodies.

2. Materials and methods
2.1. Unconstrained pAPX-nanobody complex modelling

The amino acid sequence of pAPX from Pisum sativum was obtained
from NCBI GeneBank (accession number: AAA33645), while those of
nanobodies BA5 and BG12 were retrieved from D’Ercole at al. [11]. The
sequences employed in this study are reported in the Figure S1. 3D
structures of each nanobody interacting with the APX dimer were
modelled by Colabfold 1.5.5 (https://github.com/sokrypton/ColabFold,
[271), using different AlphaFold2-Multimer v.2.2 (AFM) models (v1, v2,
v3, [28]). For each attempt, made with a different model version, five
runs with different random seeds were performed; for each seed, five
different combinations of -max-seq and -max-extra-seq multiple
sequence alignment subsampling options (32:64, 64:128, 128:256,
256:512, 512:1024, 1024:2048, 2048:4096) were used, as described in
da Silva et al. [29] and —num-recycles was set to 20 —recyle-early-s-
top-tolerance to 0.5. The PDB ID: 1APX was used as template for pAPX,
while no template was used for the nanobodies. All the generated
models were re-ranked by HADDOCK physics-based score using
HADDOCKS suite (2024.12.0b7 version [30]) and their consistency was
evaluated by applying the default FCC clustering strategy (6 A root mean
square deviation, RMSD, cut-off) to the nanobodies, after superposing
the complexes along the backbone atoms of pAPX monomer interacting
with the nanobody.

2.2. Protein production

The synthetic gene corresponding to pAPX was produced by Twist
Bioscience (San Francisco, CA — USA) after sequence optimization for
expression in E. coli. The resulting DNA was cloned in a modified pET-
14b vector in frame with AviTag. The construct was expressed in
E. coli BL21(DE3) cells after the addition of 0.5 mM isopropyl-p-D-
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thiogalactoside (IPTG). Cells were grown for 3 h, at 37 °C, pelleted
(30 min at 4.500xg) and lysed in lysis buffer (Tris-HCl 50 mM, pH 8.0,
NaCl 500 mM, MgCl, 5 mM) by alternating three cycles of freezing /
thawing. Lysates were then sonicated on ice (6x, amplitude 80 %, 1 min
pulse, 1 min off), incubated for 30 min at RT with DNase I (33 U/ml) and
lysozyme (100 pg/ml) and finally centrifuged at 4 °C (30 min at
13,000xg). Proteins were purified by IMAC from the resulting superna-
tant using the fast liquid chromatography AKTA pure™ system (Cytiva -
Marlborough, MA, USA). Samples were injected at a flow rate of 1 ml/
min into a Talon Hi-Trap column (Cytiva - Marlborough, MA, USA),
previously equilibrated with washing buffer (WB, Tris-HCl 50 mM, pH
8.0, NaCl 500 mM, imidazole 15 mM). After column washing in the same
buffer, the bound proteins were eluted by increasing the imidazole
concentration in the elution buffer (EB, Tris-HCl 50 mM, pH 8.0, NaCl
500 mM, imidazole 500 mM). The pAPX-AviTag construct was desalted
in PBS, pH 7.4, by means of a Hi-Trap Desalting column (Cytiva -
Marlborough, MA, USA) and evaluated by gel filtration (Superdex™ 75
Increase 5/150 GL or Superdex™ 200 10/300 GL, Cytiva), UV scan and
SDS-PAGE as reported previously. Protein aliquots were stored at - 80
°C.

Unique nanobody clones were cloned into a modified pET-14b vector
between Ncol and Notl restriction sites to obtain fusion proteins with
AviTag. Primers ordered from Kemomed d.o.o. (1231 Ljubljana- Crnuée)
were employed for the amplification of the insert and the vector using
repliQa HiFi ToughMix® (Quantabio). The Inserts were amplified with
the primers: F1.Nb (5’-tttaactttaagaaggagatataccatggctgatgtgcagetge-
3’) and R1.Nb (5°- agatgtcgttcagacctgeggeegetccgeegetggagacggtgac-
3’). Vector amplification was performed using F2.pET (5’-ggagcggccg-
caggtctg-3’) and R2.pET (5’-cccatggtatatctccttcttaaagttaaaca-3’). The
PCR products were separated by agarose gel electrophoresis (1 % w/v
agarose) and cleaned using a peqGOLD Gel Extraction Kit (PEQLAB
Biotechnologie). An insert to vector ratio of 3:1 was used and mixed 1:1
with Gene Art™ Gibson Assembly MasterMix (Invitrogen™). After
20 min incubation at 50 °C, 60 pl of competent DH5« E. coli cells were
transformed and the resulting amplified plasmids were isolated using
peqGOLD Plasmid Miniprep Kit II (PEQLAB Biotechnologie) and their
sequence was confirmed by Sanger sequencing (Azenta Life Sciences).
Nanobody production was evaluated with a small-scale test after
expression in E. coli BL21-DiscoTune cells induced by means of rham-
nose 50 uM and IPTG 0.2 mM, at 20 °C, overnight. Large-scale nanobody
purification was performed as described above. Nanobody mutants
designed after in silico modelling were synthetized by Twist Bioscience
(San Francisco, CA — USA) and then cloned, purified and evaluated for
their quality using the same procedures described above for wild type
BAS5. Protein concentration was inferred by quantifying the sample
absorbance at 280 nm and dividing the resulting value for the specific
absorbance coefficient.

2.3. Surface plasmon resonance

Surface plasmon resonance (SPR) analyses were performed using a
Biocore X100 instrument, pAPX as the ligand and both wild type and
BA5 mutants as analytes. pAPX was immobilized on a CM5 chip by
amine coupling, reaching a Rmax of 5480 RU. PBS, pH 7.4 was used as
the running buffer and all measurements were performed at 25 °C. The
analytes were injected at concentrations ranging from 250 to 8000 nM,
using a flow rate of 30 pl/min, association time of 45 s and dissociation
time of 135 s. The chip was regenerated by extensive washing with 1.5 M
MgCl; dissolved in water. The results represent measurements of three
replicates; wild type BASwt was measured a fourth time at the end of
experiments as a control of the system stability and chip regeneration
efficiency. The results corresponded to the difference between the sig-
nals in Fc2 (analyte channel) and Fcl (reference channel). The dissoci-
ation constant (Kp) values were determined using steady-state analysis
of the SPR binding sensorgrams instead of kinetic fitting of the associ-
ation and dissociation phases. Measurements were performed at
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equilibrium or near-equilibrium points within a defined 5 s analysis
window where the signal was stable. Data analysis were performed by
means of Biacore T200 Evaluation Software 3.2.1 and Origin 8, using the
option for steady-state fitting, with appropriate baseline corrections.

2.4. Hydrogen-deuterium exchange coupled with mass spectrometry
(HDX-MS)

To observe HDX kinetics of proteins by mass spectrometry, 85 uM of
PAPX-AviTag alone or complexed 1:1 with either Nb-BA5-AviTag or Nb-
BG12-AviTag were diluted 4.7 times into deuterated buffer (D,O PBS,
pD 7.4) to initiate isotopic exchange in the accessible regions of the
proteins. The reaction was conducted at 2 °C and different reaction times
were evaluated (2 s, 10 s, 90 s, 20 min, 2 h). Time points at 2 and 90 s
were triplicated (with the exception of the 90-second time point for APX-
BAS5 condition in APX HDX-MS experiment, which was duplicated). The
reactions were quenched by adding an acidic solution (glycine 0.54 M,
urea 3.2 M, thiourea 1.1 M, TCEP 214 mM, pH 2.3) in a ratio of 14:1.
Samples were injected on a co-immobilized Pepsin / Nepenthesin-2
protease column (SecurityGuard™ ULTRA Cartridge UHPLC Fully
Porous Polar C18, 2.1 mm ID, Phenomenex, Torrance, CA). The gener-
ated peptides were trapped and desalted for 3 min at a flow rate of
0.2 ml/min using an isocratic pump delivering 0.4 % aqueous solution
of formic acid. Then peptides were separated on an equilibrated (solvent
A: 2 % acetonitrile / 0.4 % formic acid in water) C18 reversed-phase
column (Luna® Omega 1.6 ym Polar C18 100 A 100 x 1.0 mm) with a
10-45 % linear gradient of solvent B (95 % acetonitrile / 0.4 % formic
acid) delivered by the 1290 Infinity II LC system pumping at 50 ul/min.
The protease, trap column and analytical column were kept in a box at
0 °C. Peptides were detected with TimsToF Pro mass spectrometer
(Bruker Daltonics). The peptide mapping based on tandem mass spec-
trometry was performed for non-deuterated samples using the same
conditions as mentioned above. Measured data were exported by
DataAnalysis v. 5.3 software (Brunker Daltonics) and isotopic distribu-
tion was analysed using DeutEx software [31]. Measured deuterium
incorporation was corrected using fully deuterated controls prepared as
described previously [32]. Differences were considered significant when
their values for each condition differed by more than two times the
average standard deviation. Moreover, statistical analysis of uncertainty
and difference significance testing with a coverage factor k = 4 were
performed based on recommendations for replicated time points [33].
The mass spectrometry proteomics data have been deposited to the
ProteomeXchange Consortium via the PRIDE [34] partner repository
with the dataset identifier PXD070410.

2.5. Chemical cross-linking mass spectrometry (XL-MS)

For chemical cross-linking, 20 uM of pAPX-AviTag in PBS buffer, pH
7.4, was complexed 1:1 with either Nb-BA5-AviTag or Nb-BG12-AviTag
and cross-linked using 100 molar excess of either CID-cleavable reagents
DSPU (Urea cross-linker — C3-arm, CF Plus Chemicals) or DSBU (Urea
cross-linker — C4-arm, CF Plus Chemicals). Both cross-linkers were
freshly prepared before the reaction by dissolution in anhydrous dime-
thylsulfoxide. The cross-linking reaction proceeded for 30 min, at 20 °C.
Cross-linked samples were reduced for 30 min, at 60 °C using 10 mM
dithiothreitol. Next, iodoacetamide was added to the concentration of
20 mM and incubated for 30 min, at 20 °C. Samples were then diluted 2
times by adding ammonium bicarbonate 50 mM, pH 8, and the protein
digestion proceeded overnight, at 37 °C, after the addition of trypsin
gold (Promega) in a 1:20 (w/w) ratio. Tryptic peptides were loaded onto
Evotip Pure (Evosep), desalted off-line, and tips were applied to the
Evosep One (Evosep) autosampler. The eluted peptides were loaded
onto the reverse phase analytical column (PepSep C18 15 cmx150 um,
1.5 ym) (Bruker Daltonics) directly interfaced with the captive spray
ionization source of TimsTOF SCP mass spectrometer (Bruker Daltonics)
operated in positive data—dependent mode. Acquired LC-MS/MS data
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Table 1
PAPX and nanobody amino acid regions sensitive to deuterium exchange, as
identified by HDX-MS.

TARGET amino acid residues Structural
element
APX 37-77 PAPX active site
249-275 AviTag, HisTag
Nb-BA5 20-37 CDR1
95-105 CDR3
127-144 AviTag, HisTag
Nb-BG12 22-34 CDR1
100-112 CDR3
123-151 AviTag, His,Tag

were exported in DataAnalysis v. 5.3 (Bruker Daltonics) and cross-linked
peptides were searched by Merox 2.0.1.4 software [35]. MeroX software
was used with the following settings: precursor precision (MS1)
5.0 ppm, fragment ion precision (MS2) 10.0 ppm, cleavage after lysine
and arginine, number of miscleavages 3, static modifications: carbami-
domethylation of cysteine, variable modifications: oxidation of methi-
onine, cross-linker specificity sites: lysine, serine, threonine, tyrosine,
N-terminus, score cut-off: 50, FDR cut-off 1 %. The raw mass spec-
trometry data were deposited under ProteomeXchange Consortium via
the PRIDE [34] partner repository with the dataset identifier
PXD070481.

2.6. Integrative pAPX-BA5 modeling

PAPX dimer and BA5 monomer structures were predicted similarly
as reported above but deepfold_v1 model [36] was used instead of AFM
v3 in the case of BA5. The side-chain torsion angles of the best ranked
model (pIDDT score) were refined using DiffPack [37], followed by an
energy minimization and a short NVT classical molecular dynamics
(MD) simulation (8000 steps) in TIP3P water molecules (10 A padding)
with the addition of charge neutralizing ions (either Na' or CI7). This
step was performed using OpenMM 7.7.0 under amber ff14SB force
field, with a time step of 2.0 fs and at 30 °C. The refined models were
used for experimental-guided docking exploiting the web-server
implementation of HADDOCK 2.4 [38]. Formatted PDB files were
uploaded to the HADDOCK server using the expert access level. Dis-
tances between Co residues were enforced as distance restraints between
10 A (minimum) and 30 A (maximum) [39] to incorporate the infor-
mation on intermolecular cross-links collected using DSPU and DSBU
crosslinkers (Table 1, Table S1). The pAPX residues predicted by
HDX-MS, those from the unconstrained pAPX-BA5 complex model and
those predicted by C-port [40] were set as “active”. The same was done
for the three BA5 CDRs. According to HADDOCK definition, “active”
residues are directly involved in the interaction, while “passive” residues
are in direct contact to the “active” residues and are automatically
assigned by the system. For each docked complex, 10,000 rigid-body
docking structures were generated (it0), followed by a second itera-
tion of semi-flexible docking (it1), with only the interface being fully
flexible. Finally, the best 400 docked models in terms of HADDOCK
score were refined in explicit solvent (itw) according to the default
protocol and clustered (FCC method) at 6 A RMSD cut-off to generate
the final rank of clusters. The centroid of the best cluster (most negative
average HADDOCK score) was used for further refinement with the
clustENMD method [41] of the ProDy package [42]. Three replicates
were run. The model was prepared by adding hydrogen atoms at pH 7
with pdbfixer (https://github.com/openmm/pdbfixer [43]). The sam-
pling was performed applying normal modes of an anisotropic network
model followed by clustering and MD refinement. Five generations were
performed, using the first three global modes and generating 50 con-
formers with an average C, RMSD distance of 1 A from the parent
conformer of the previous generation. At each generation, the maximum
number of sampled clusters were increased by 20, from 20 (starting
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Fig. 1. Unsupervised prediction of pAPX in complex with BA5 and BG12. Cartoons reporting the visualization models for pAPX-BA5 (A) and pAPX-BG12 (B). The
active site of pAPX is represented by ball-and-sticks with oxygen atoms in red, nitrogen in blue and polar hydrogens in white. Different regions are highlighted. The
centroid of each cluster was visualized after superposing the complexes, using pAPX dimer as a reference, but only if there were at least two structures forming a
cluster. The reported HADDOCK scores (more negative, higher affinity) are the average + SD of all the cluster members. The figure was prepared with open-source

PyMol 3.0 (https://github.com/schrodinger/pymol-open-source).

conformer) to 120 (5th generation). A short, classic MD simulation in
NVT conditions (30°C) was performed after energy minimization of each
sampled conformer, solvated in tip3p water molecules (10 A padding)
and neutralized by adding either Na™ or Cl™ ions. OpenMM 7.7.0 [44]
was used as an MD-simulation engine and the system was parameterized
applying the amber ff14SB force field [45]. A time step of 2.0 fs was
used; the number of MD steps were increased by 1000 over generations,
starting from 3000 (starting conformer) to 8000 (5th generation). The
sampled conformations were summarized by cluster analysis by means

A% deuterium
(variations between
single proteins and

complexes) Peroxidase

active site

of the gromos method of Gromacs 2019.6 package [46], using backbone
atom coordinates of BA5 and a RMSD threshold of 4 A. The non-covalent
interactions at tetrameric interfaces were predicted by ProLIF (https://g
ithub.com/chemosim-lab/ProLIF [47]), using standard ProLIF defini-
tions of non-covalent interactions at 6 A distance threshold. Only resi-
dues involved in interactions in at least 50 % of the samples were
considered hotspot residues after binding energy prediction (see next
paragraph).
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Fig. 2. HDX differential heat-map of deuterium exchange percentage of pAPX and nanobodies anti pAPX. Deuterium exchange was compared between free pAPX and
PAPX complexed with anti-pAPX nanobodies. The levels of deuterium incorporation were assessed at 5 time points (2 s, 10 s, 1 min 30 s, 20 min, 2 h) in both antigen
and nanobodies. The red colour represents the regions where the deuterium uptake of complexed protein is enhanced compared to free protein, whereas the blue

colour represents the opposite trend.
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2.7. In-silico prediction of BA5 hotspot interacting residues

The binding free energy (AGping) contribution of BA5S residues that
participate the most to the interaction with pAPX model was calculated
using the MM-GBSA method [48] of the AmberTools21 package [49],
employing the per-residue free-energy decomposition protocol [50], as
done in [13,21]. The single-trajectory approach was used on clustENMD
conformers of the pAPX-BA5 complex, after tleap parametrization under
the ff14SB force field [51]; the trajectories corresponding to the free
proteins were extracted from that of the complexes. Two different
generalized Born implicit-solvation models were used: i) GB®®C, GB= 5
option, setting PBradii mbondi2; ii) a modified GBHCT GB=8 option,
setting PBradii mbondi3 [52]. The accumulated mean value and standard
deviation of AGpinq Were obtained by averaging over clustENMD repli-
cates and above reported solvation models. Hot-spot interacting residues
were defined as those with an estimated average energy contribution of
< —2.0 keal/mol.

3. Results and discussion

The interaction between anti-pAPX nanobodies BA5 and BG12 and
PAPX has been proved and thoroughly described [11], but the structural
characteristics of the complexes remained elusive. Therefore, we
initially tried to compute those complexes in an unsupervised way, by
leveraging a customized AlphaFold 2-based approach, using a more
aggressive sampling and re-scoring by the HADDOCK physics-based
scoring function. Results showed a different level of consistency be-
tween the nanobodies in terms of the prediction accuracy; indeed,
despite in no case the iPTM score (useful to evaluate the confidence of
the protein-protein interface predicted by AF2) was > 0.7, for
BA5 =~ 85 % of the predictions, grouped in three slightly different
clusters, converged to a region proximal to the substrate opening
(Fig. 1A), while for BG12 just 10 %, belonging to the same cluster were
found (Fig. 1B). Moreover, the HADDOCK score of the best cluster was
better for BA5, in agreement with the EC50 values previously estimated
by ELISA assay [11]. Despite the approach provided initial indications, it
was not capable to confidently dictate if the centroid of the best cluster
was accurate enough and the interactions implied by the slightly
different clusters were not conserved, hampering the reliable selection
of mutants suitable for validation tests. Consequently, we designed an
experimental approach to identify the epitope/paratope surfaces by
applying two complementary techniques focusing on BA5, for which
both previous experimental results and present predictions seemed to
indicate being the best binder and, hence, the most appropriate candi-
date for a lead optimization campaign.

First, we performed HDX-MS experiments using the pAPX-Nb com-
plexes detecting the H/D exchange profiles at five reaction times (2s,
10s, 90 s, 20 min, 2 h). Detailed experimental information is reported
in Figs. $3-S8. We started with the identification of the pAPX sequence
regions modified by the interaction with BA5 and BGI12, this last
nanobody used as an internal control. The difference of deuterium up-
take existing between pAPX alone and in complex with each of the two
selected nanobodies was quantified. In the HDX heat map (Fig. 2), the
most evident differences were observed within the pAPX regions 38-77
and 249-275 when the reaction time was 10 sec (Fig. 2). The first region
partially overlaps the peroxidase active site (residues 33-44, Fig. 2). The
region 249 - 275 corresponds to the protein C-terminus and, specifically,
to the tag (AviTag and HisTag) sequence that is present on the nano-
bodies as well. Its structure forms an alpha helix linked to a short loop
that tends to dimerize [53,54].

Next, we exploited the same approach to map the nanobody para-
topes. In this case, nanobody deuteration was measured when the
binders were alone or in complex with pAPX. In the case of BA5, strong
differences were identified in the residues between 20 and 37 and be-
tween 95 and 105, and they increased during the reaction (Fig. 2). These
two regions roughly correspond to the hypervariable complementary-
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determining regions CDR1 and CDR3, respectively. Additionally, a
weak signal was detected intermittently at the C-terminus of the
construct (residues 127-144), corresponding to the tags. The HDX heat
map (Fig. 2) showed that the weak signal detectable in correspondence
of CDR3 at 10 s increased progressively in intensity at longer reaction
times. The strong signal corresponding to CDR1 became evident only at
the longest incubation time (Fig. 2). Our interpretation of the data has
been that both CDR1 and CDR3 are involved in the interaction between
BA5 and pAPX. Even though the modification of the CDR3 is the first
visible event, it is difficult to conclude that it corresponds to the initial
contact region, because both the affinity and the absolute exchange rate
of the peptide can affect the HDX-MS data output. It is therefore possible
only to speculate that a first binding event (CDR3-dependent) would
have then induced a structural rearrangement favouring the interaction
of the CDR1 domain with pAPX.

The preliminary prediction results indicated a different binding
modality for BG12 and this was confirmed by the significant differences
of deuterium uptake, identified in the sequences corresponding to the
residues 22-34, 100-112 and 123-151 (Fig. 2). The first two sequences
partially overlap to the CDR1 and CDR3 loops, while the third region
corresponds to the tags (Fig. 2). The nanobody binding dynamic showed
that the CDR3 is involved in the very early antigen-antibody recogni-
tion, but the signal progressively decreased. In contrast, the CDR1
exhibited high binding at any time during the reaction, but the trend was
to a progressive reinforcement (Fig. 2).

Altogether, such analyses enabled to map the regions of pAPX, BA5
and BG12 in which the most significant differences in deuterium
incorporation were evident (Table 1). The results suggested that for both
complexes, pAPX / BA5 and pAPX / BG12, the nanobody hypervariable
regions CDR1 and CDR3 played the major role in the interaction be-
tween pAPX and the corresponding nanobodies. CDR1 and CDR3 of
single-domain antibodies are highly flexible and can undergo significant
conformational changes upon antigen binding [55]. This dynamic
structural rearrangement allows the optimization of the contacts with
the antigen and stabilize such interaction. This first data set was infor-
mative to experimentally confirm that the BA5 binding site on pAPX is
likely close to the opening region between the bulk and the active site,
but we also measured signals likely due to flexible regions. This
confirmed the data obtained from the unsupervised modelling approach
but did not allow the identification of a preferential cluster to use for
validation. Therefore, we looked for orthogonal experimental data to
recover by means of XL-MS and necessary to guide towards a better
refined computational model.

XL-MS was applied using two alternative MS-cleavable urea-based
cross linkers [56], DSPU and DSBU, which differ because of the spacer
length connecting two reactive residues (9.8 and 12.5 A, respectively).
Both linkers react with primary amines and should theoretically connect
lysine residues, although some reactions with hydroxyl groups are
possible. The binding promoted by such cross-linkers will involve resi-
dues belonging to nearby protein portions. Labile bonds of the
CID-MS/MS (collision-induced dissociation in tandem mass spectrom-
etry) cleavable cross-linkers yielded a characteristic fragmentation
pattern in MS? spectra, allowing highly accurate and reliable identifi-
cation of the corresponding peptides in which they are incorporated.
After having covalently linked pAPX with BAS5, the downstream XL-MS
analysis identified several interprotein contacts, three of them labelled
with both cross-linking agents (Table S1). Specifically, K31 of pAPX was
crosslinked to S31 and K66 of BA5, while the latter was also crosslinked
to K122 of pAPX. Interestingly, these residues cover in part the region of
the pAPX active site (33 — 44), and are in agreement with the HDX-MS
results reported above (Table 1).

HDX-MS and XL-MS are mostly used independently to evaluate
biological structures. HDX-MS is primarily applied to collect informa-
tion about protein dynamics, while XL-MS is used to define constraints at
protein-protein binding interfaces [57,58]. It must be underlined that
XL-MS experimental technical requirements, such as the availability of
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Fig. 3. Integrative modelling and dynamics sampling of pAPX-BA5 complex. (A) Cartoon reproducing the centroid of the best HADDOCK cluster of pAPX (single
subunit)-BA5 complex, obtained by leveraging experimental constraints and used for ProDy sampling. The three XLs used as constraints are highlighted as magenta
spheres connected by dashed lines. The cyan and blue circles represent the interfacial region involving CDRs. (B) Backbone atoms RMSD statistics along the ProDy
sampled conformers. “pAPX” and “BA5” RMSDs are calculated by fitting the sampled frames along the pAPX protein of the starting HADDOCK centroid; “BA5/ pAPX
interface” refers to the RMSD calculated after fitting the sampled frames along the interfacial regions and taking the starting HADDOCK centroid of the best cluster as
the reference. “BA5/ pAPX interface vs AF model” differs since the reference structure is the centroid of the best HADDOCK cluster from unsupervised modelling
(Fig. 1A). (C) Average per-residue AG of binding (AGpinq) from the per-residue decomposition of MM-GBSA binding energies, calculated over all the ProDy sampled
frames and two different solvation models. Dashed lines indicate the threshold used for defining hotspot residues involved in the interaction. (D) Zoom on the main
PAPX-BAS interactions (cyan and blue circles reported in panel A) involving the hotspot residues located on BA5 CDRs. Residues are represented in ball-and-sticks

with oxygen atoms in red, nitrogen in blue and polar hydrogens in white.

cross-linkable reactive amino acids and digestion sites and the impos-
sibility to inform about the exact distance between cross-linked residues
[59], differ from those specific to HDX-MS that cannot distinguish be-
tween residues involved in the direct binding and those undergoing
conformational or allosteric effects [60]. XL-MS identifies spatially
proximate residues that are cross-linked, but that can be minimally
involved in the actual interactions because longer the peptides gener-
ated by proteolysis, lower the detail, whereas HDX-MS can help in
determining protein orientation and conformation, providing comple-
mentary structural interpretation. However, the combination of the two
techniques compensates for each method limitations because, when
applied together, they can provide complementary information.
Nevertheless, in literature there are only few studies where HDX-MS and
XL-MS are combined and integrated in a single approach overcoming
their respective limitations. This is the case of the characterization of the
binding interface between interleukin 7 and its receptor [25,61].

In our case, the combination of the two sets of experimental data
provided the most suitable information to guide effective docking, with
the centroid of the best cluster having a HADDOCK-score of —227.6
+ 21 and binding at the margin of the active site opening lid loop
(Fig. 3A). The model respected all the constrains even after the dynamic
refinement (Fig. S2). The docking attempts performed with single

5083

experimental sets resulted in worse HADDOCK-scores (-165 + 10.2 and
—61.9 + 3.9) and a binding mode at > 6 A backbone RMSD (Fig. S9).
Specifically, the exclusive use of XL-MS data led to a model in which BA5
bound to the other side of the active site opening lid loop, as this min-
imizes XL distances, while HDX-MS-only data resulted in a model not
compatible with the XL-MS data restraints. The model obtained using
both constraints was therefore selected for further analyses because
more reliable with respect to the information recovered by either un-
constrained deep learning docking approach or by employing single sets
of experimental data. The RMSD of interfacial backbone atoms across
sampled ProDy dynamics replicates (Fig. 3B) indicated that the binding
interface formed by paratope and epitope residues, identified as > 50 %
of ProDy sample (Table S2) and having an estimated AGyping < -2 Kcal/
mol (Fig. 3C), is 13.7 + 1.4 A) apart from the unsupervised modelled
counterparts. This means that the experimental-guided model provides a
different binding mode. Despite a general conservation of the interfacial
residues over the samples (2.8 + 0.9 A RMSD displacement), there is a
noteworthy dynamic of the BA5 backbone coordinates (5.3 + 2.3 Z\),
when fitting all the sampled frames using only pAPX backbone atoms for
structural alignment. Such dynamics is due to the slight oscillation of
PAPX between a closed and an open state for its substrate-binding
opening during ProDy sampling, while the nanobody keeps conserved
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Table 2
Peroxidase activity of pAPX in presence of BAS5.
[PAPX] (M) [BAS5] (uM) AAbssso
5 1.25 1.432
5 2.5 1.618
5 5 1.546

PAPX activity was measured in the presence of increasing BA5 concentrations.
TMB (3,3,5,5-tetramethylbenzidine) was used as the reaction substrate and
PAPX activity was inferred by measuring the AAbs,s with respect to the control
reaction performed in the absence of the enzyme.

interactions to this dynamic region (Fig. 3B). This observation suggests
that BAS binding mode might affect the dynamics of the enzyme active-
site opening, and these modifications could explain the substantial
variations of measured deuterium exchange corresponding to the active-
site buried regions that are evidenced in the HDX-MS heatmap (Fig. 2).
Therefore, we also checked if BA5 could affect the pAPX peroxidase
activity at increasing concentrations but the experimental results
(Table 2) suggest no effect. From the practical point of view, this in-
dicates that enzyme quantification using BA5 as a reagent should be
compatible with the contemporary measurement of pAPX activity on the
same sample.

The analysis of the estimated binding energies decomposed over BA5
residues (Fig. 3C) indicated predicted interaction hotspots in both the
FW and CDR regions. BA5 paratope includes four FW2 residues (Y39,
Q46, L49, T52), one residue from CDR1 (R35) and three residues from
CDR3 (L100, W102, R104). The residues in CDR1 and CDR3 of BAS5, that
according to the HDX-MS data are responsible for the binding to the
antigen, interact with an epitope involving non-continuous pAPX resi-
dues (Fig. 3D). Specifically, R35 (BA5 CDR1) forms a salt bridge with
PAPX D82 and a hydrogen bond with pAPX Q63; L100 (BA5 CDR3)
makes stacking with pAPX Q63 and forms a partially stable hydrophobic
contact with pAPX L.66; W102 (BA5 CDR3) forms a hydrophobic contact
with pAPX 176 and makes n-stacking with two pAPX salt bridges (E171-
R172 and D75-R79); R104 (BA5 CDR3) forms a salt bridge with pAPX
D75 and a hydrogen bond with pAPX N72. The validation of the model
was obtained by mutating into alanine (both singularly and all three
together) three of these CDR residues (R35, W102, R104), selected for
being those with the lower predicted AGying. Nect, the evaluation was
performed comparing the dissociation constants (Kp) of wild type and
mutants by SPR. The wild-type protein displayed a complex binding
profile, inconsistent with a simple 1:1 interaction, featuring a rapid

A
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initial association followed by a slower phase and an early rapid disso-
ciation followed by a very slow, incomplete dissociation (Fig. 4). Such
pattern suggests a multi-step binding process or higher-order complex
formation (Fig. 4 and Fig. S10A) consistent with the proposed two-state
binding model mechanism characterized by an initial recognition step
followed by a stabilising conformational change. Affinity fitting was
calculated in the low micromolar range (2.8 pM, Fig. S10B). The mu-
tants exhibited extremely weak binding, as shown in Fig. 4, insufficient
for reliable affinity measurement, but clearly indicating a significant
reduction in affinity compared to wild-type. Overall, the SPR data
validated in-silico model predictions confirming that both computa-
tionally identified sites are essential for the interaction. It must be
underlined that the dissociation constant measured by SPR (2.8 pM)
resulted significantly worse than the EC50 value (0.88 pM) measured
previously by ELISA exploiting fluorescent nanobodies [11]. Therefore,
whereas the comparison of data collected using the same methodolog-
ical setting provides reliable information, such result confirms that the
absolute binding values are highly dependent on the chosen technology
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models requiring experimental data to guide refinement
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Fig. 5. Schematic representation of the integrative structural biology workflow
adopted in this work. The figure summarizes the steps of the modelling process,
indicating the adopted technique and the corresponding information gain.
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[62].
4. Conclusion

An initial unconstrained computational model of the complex be-
tween pAPX and two nanobodies indicated that BA5 had superior
binding potential than BG12. By combining HDX-MS and XL-MS
experimental data, it was possible to refine the pAPX-BA5 complex
prediction with a guided-docking approach that was validated with
negative mutants (Fig. 5): this indicates the importance of integrative
modelling, as both the unconstrained prediction approach and the use of
either only HDX-MS or only XL-MS data sets would have provided
different and less accurate models. These results represent an excellent
example of a method suitable to decipher protein complex structural
information that is alternative to conventional approaches such as X-ray
crystallography or NMR analyses, but it can also integrate insufficient
data sets obtained by conventional structural methods [21,25]. At the
same time, this is also an example of how deep learning methods for
structure prediction may be not sufficiently reliable when applied to
class of biomolecules, like nanobodies, that are hypervariable in inter-
acting regions, highly diverse in CDR3 length and composition and
poorly represented in terms of available 3D structures in complex with
diverse targets [63,64]. Finally, the defined model will contribute to
nanobody engineering aimed at obtaining variants characterized by
improved biophysical properties that will improve the accuracy of plant
APX diagnostic devices. The only real limit we found in such approach is
that it requires a mix of expertise and technologies that might be difficult
to have in the same place. Nevertheless, there are several support pro-
grammes facilitating the access to specialized facilities, as the ones we
successfully used.
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