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S1. Computational Methods
51.1. PDIAs Systems Construction

The three-dimensional structure of PDIA3 and PDIA1 were obtained from the Pro-
tein Data Bank (PDB ID: 3F8U, Tapasin/ERp57 heterodimer; PDB ID: 4EL1, Crystal
Structure of Oxidized hPDI) [3,37]. Missing loops were filled using Modeller [46] and
PDIA3 canonical protein sequence was restored using the mutation wizard implement-
ed in Pymol [47] while residue protonation states were determined using PROPKA [48].
As the WCGHC active sites located in the a and a” domains can be oxidized or reduced
[49], both states were modeled: in the oxidized PDIA3 (PDIA3ox) the Cys57-Cys60 and
Cys406-Cys409 cysteine couples were bound by a disulfide bridge, while in the reduced
form (PDIA3red) the corresponding sulphur atoms were unbound and protonated. The
same was done for PDIA1 oxidizing (PDIAlox) and reducing (PDIAlred) the Cys53-
Cysb6 and Cys397-Cys400 cysteine couples. The PDIA3 starting structure found in 3F8U
was complexed with tapasin, therefore the oxidized and reduced PDIA3 states were also
modeled as complexes (PDIA3ox-Tap and PDIA3red-Tap). The four different systems
were subjected to molecular dynamics (MD) simulations.

51.2. Molecular Dynamics Simulations

All MD simulations were carried out by means of OpenMM [50] Python library, the
Amber {f14SB [51] force field was used, the systems were solvated in a orthorhombic pe-
riodic box with OPC [52] four-point water model and neutralized adding Na+ or Cl-
ions, the distance between the protein and the box boundary was set to 12 A. The final
topology and parameters files were prepared with tLeap from AmberTools suite (ver-
sion 19) [53]. The electrostatic interactions were treated by Particle Mesh Ewald [54] al-
gorithm and non-bonded interaction cutoff was set to 10 A. Each MD simulation was
preceded by a preparation protocol which included a solvent geometry minimization
followed by a whole system minimization; then the minimized systems were subjected
to 1 ns equilibration in an NVT ensemble during which the system was gradually heated
to 300 K while applying a weak harmonic potential restrain to the solute molecule; a
second equilibration of 1 ns is conducted in an NPT ensemble to relax the system to den-
sity of interest while applying a weak harmonic restraint to the solute. Finally, 100 ns
production simulations were conducted at 1 atm and 300 K in an NPT ensemble. Pres-
sure was controlled by a Monte Carlo barostat [55] while temperature was maintained
constant using Langevin integration [56]. MD runs employed a 2 fs time step and trajec-
tory snapshots were saved every 20 ps. Punicalagin-PDIA3 complex simulations were
conducted with the same protocol; ligands” GAFF [57] parameters were calculated at the
AM1-BCC [58] level of theory using antechamber [59].

51.3. MD Analysis and Conformational Sampling

Trajectory analyses were accomplished using the MDTraj [60] and pytraj [53] Py-
thon libraries, while for statistical and numerical analysis the Scikit-Learn [61], SciPy [62]
and Numpy [63] Python libraries were used. Particularly, the conformation sampling to
use for molecular docking simulations from the trajectories was conducted using the k-
means [64] clustering algorithm and the kernel density estimation (KDE) [65] method.
While k-means clustering was used on the heavy atoms cartesian coordinates along the
simulations, KDE was used on the first two principal component analysis (PCA) eigen-
vectors derived from cartesian coordinates to obtain the probability density function for
each simulation frame.

51.4. a. and p-Punicalagin Preparation

a and B-punicalagin three-dimensional structures were built using Open Babel [66].
All axial and all-equatorial conformers were modeled manually for o and 3-punicalagin
and geometrically optimized by energy minimization at the RM1 [67] semiempirical
quantum mechanical level of theory using GAMESS [68]. The optimized geometries



were subjected to 100 ns MD simulation in explicit OPC water, using GAFF parameters
calculated at the AM1-BCC level of theory using antechamber. The MD protocol was the
same used for protein simulations, already described in Section S1.2. The resulting a and
B-punicalagin trajectories were then analyzed and the conformations to use for docking
simulations were sampled using the k-means clustering algorithm on heavy atoms car-
tesian coordinates along the simulation and KDE on the first two PCA eigenvectors de-
rived from cartesian coordinates, similarly to the procedure used to sample protein con-
formations.

51.5. Molecular Docking and Free Energy Calculations

Docking simulations were conducted using the Smina software by selecting the Vi-
nardo scoring function [69] retaining 5 binding poses for each run. a and (-punicalagin
conformations sampled from MD simulations were docked on protein conformations al-
so taken from MD simulations. Ligands were docked on the a and a’” PDIA3/PDIA1 do-
mains and the two simulation boxes contained the whole a and a’ domains, respectively.
Among the predicted binding modes obtained from the docking for further analysis
were selected 10 characterized by the best Vinardo score and 10 characterized by the
highest structural correlation by means of probability density function for each binding
mode. In particular, the latter selection was achieved using the first two eigenvectors re-
trieved by PCA calculated on predicted binding modes cartesian coordinates. The 20 se-
lected binding modes were then merged with their locks, and the restating complexes
were solvated and minimized similarly as above described. The minimized complexes
were then used for ligand binding free energy calculations with the Molecular Mechan-
ics/Generalized Born Surface Area (MM/GBSA) [40,70] method using the MMPBSA.py
[71] python script available in the Ambertools suite.

51.6. PDIA3-PDIA1 Comparison

PDIA3 and PDIA1 aminoacidic sequences were analyzed using the Biopython [72]
Python library to obtain sequence alignments and sequence identities between full
length sequence and between the a and 2" domains. Alignment as well as sequence iden-
tities calculations were based on BLOSUM62 alignment matrix and results were also
used with Pymol to visually display the conserved and non-conserved structural pat-
terns.

S2. Computational Results
52.1. PDIAs Molecular Dynamics Simulations Analysis

MD trajectories (PDIA3ox, PDIA3ox-Tap, PDIA3red, PDIA3ged-Tap, PDIAlox and
PDIA1red) were analyzed collecting the backbone RMSD along the simulations. PDIA3-
Tapasin complexes (PDIA3ox-Tap and PDIA3red-Tap) showed lower RMSD values with
respect to PDIA30ox and PDIA3r.d. (Figure S1A) This difference is evidenced in the RMSD
probability density function plot (Figure S1B). This was likely due to tapasin constraints
on the movement of both PDIA3 a and a” domains. PDIAlox and PDIAlrea RMSD range
and its trend is consistent with those observed in PDIA3ox and PDIA3rea (Figure S1).
However, PDIAlred reached the equilibrium after 10 ns at an RMSD value of ~11 A.
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Figure S1. (A) Backbone RMSD over simulation time plot; (B) KDE distribution plot of RMSD values.

To deeply evaluate PDIA3 stability and equilibration a domain wise RMSD and
root mean square fluctuation (RMSF) calculations were used to investigate protein sta-
bility and flexibility and also to demonstrate the tapasin stabilization effect on the com-
plex. Analysis of the corresponding plots (Figure S2) clearly indicated that the system
stabilities were comparable as RMSD values were lower than 3 A, suggesting that the
four PDIA3 domains are steady structures. The RMSF analysis confirmed the previous
observations returning low values, although with some exceptions. Higher RMSF indi-
cated greater amplitude of backbone displacement for each residue during the simula-
tion. The 4, b and b’ domains showed very similar RMSF trend except for some peaks
corresponding to residues located in flexible loops. The a2 domain RMSF plot showed
higher flexibility for PDIA3ox and PDIA3red located nearby the WCGHC active sites,
suggesting that tapasin might exert a stabilizing effect on this structural pattern. Indeed,
the WCGHC pattern in both catalytic domains were in close contact with tapasin in the
original crystal structure (3F8U). Moreover, other portions where PDIA30x and PDIA3red
exhibit higher RMSF values than PDIA3ox-Tap and PDIA3res-Tap were involved in the
PDIA3-tapasin complex interactions.
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Figure S2. PDIA3 RMSD and RMSF domain-wise plots for: @ domain (A,B), b domain (C,D), b’ domain

(E,F), a’ domain (G,H).

Also, in the case of PDIA1 the a and 4’ domains’ high mobility affects the analysis of
protein stability and flexibility has to be investigated by means of domain-wise RMSD
and RMSF plots. (Figure S3) As for PDIA3 these plots indicate that the PDIA1 domains
are stable structures showing RMSD values always lower than 3 A and the PDIAlox and
PDIAlred trends are always similar. RMSF showed comparable flexibility between
PDIA1lox and PDIA1red domains.
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Figure S3. PDIA1 RMSD and RMSF domain-wise plots for: 4 domain (A,B), b domain (C,D), b’ domain
(E,F), a’ domain (G,H).

To investigate on the PDIAlred RMSD trend (Figure 1S) the distance between the a
and 4’ domains along the simulations were collected (Figure S4). The values shows
PDIA1red switching from and open to a closed conformation during the first 10 ns (Fig-
ure S5), in agreement with experimental data that demonstrated the grater closeness be-
tween PDIA1 g and a4’ domains in the reduced form.[37]
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Figure S4. Distance between PDIAlox and PDIA1red a

and a’ domains over time calculated along MD simu-
lations.
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Figure S5. PDIAlred in “open” (A) and closed (B) conformation. PDIA1 a domain is depicted in red, b is yellow, b’
is orange, a’ is blue, x linker is black, WCGHC patterns are green lines.
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52.2. Conformation Sampling from PDIAs MD Simulations

In order to select PDIA3 conformation to be used in the docking simulations the
MD trajectories were analyzed and a series of snapshots were sampled using different
approaches as following: (1) k-means clustering on heavy atoms cartesian coordinates
during the simulations; (2) k-means clustering on the above defined “active site” heavy
atoms along the cartesian coordinates; (3) KDE on the first two PCA components de-
rived from heavy atoms cartesian coordinates (Figure S6).

The k-means clustering algorithm was used to partition the trajectory snapshots in k
groups, and once the clustering was completed the closest MD frames to the cluster cen-
troids (red points in Figure S6A,C,D,F,G,1],L) were sampled from the trajectories and
used for docking simulations. This method was also used on “active site”, where “active
site” was defined as the residues in a range of 10 A from Trp56 and Trp405, in a and a’
domains respectively, as from experimental evidences [16] punicalagin binding site
should be located in proximity of these two residues. As the k-means clustering algo-
rithm accomplished the partition in k clusters assigning each MD snapshot to the closest
cluster centroid the closest MD snapshot to the centroid was likely the most representa-
tive structure of that cluster, and the sampled structures were likely to be very different
from each other. The k value was chosen by means of silhouette analysis [73] on k-means
clustering algorithm: the optimal identified k values ranged from 3 to 8. Based on this re-
sult a value of k equal to 5 was chosen for all simulations. For each trajectory 5 confor-
mations were sampled using the above approaches 1 and 2 (k = 5). Differently KDE
method was applied on the first two PCA components to obtain the probability density
function for each frame, 5 snapshots with the highest value were sampled (red points in
Figure S6B,E, H,K). Higher probability density function values indicate higher similarity
and correlation between frames and the conformations sampled can be considered the
most representative of each whole simulation. A total of 60 PDIA3 conformations (Fig-
ure S7) were thus sampled for the subsequent docking runs.
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Figure S6. PCA representations of PDIA3 trajectories: dots are colored with respect to time (first and third
columns), from blue to yellow, and density (second column), from black to yellow. The first row (A-C) is
referred to PDIA3ox trajectory, the second (D-F) to PDIA3ox-Tap, the third (G-I) to PDIA3red and the fourth
(J-L) to PDIA3ged-Tap. In the first column (A,D,G,]) the PCA is calculated on the heavy atoms cartesian co-
ordinates along the trajectories, the red dots are the k-means cluster centroids. In the second column
(B,E,H,K) is reported the same PCA as for the first column but dots are colored with respect to probability
density function, the red dost are the frames with the highest probability value. In the third column
(GELL) is the depicted the PCA for “active site” cartesian coordinates along the simulations, the red dots

are the k-means cluster centroids. On the plot axis are reported the explained variance for each eigenvector.

Figure S7. PDIA3 selected conformations from MD simulations.

To sample PDIA1 conformations for the subsequent docking simulations the
PDIAlox and PDIAlred trajectories were analyzed, and a series of snapshots were taken
in the same fashion as above described for PDIA3. Trajectories were then analyzed with



the three approaches: k-means clustering on heavy atoms cartesian coordinates, k-means
clustering on “active site” heavy atoms and KDE on the first two PCA components de-
rived from heavy atoms cartesian coordinates. (Figure S8) Also, in this case the “active
sites” was defined as the residues in a range of 10 A from Trp52 and Trp396 in the a and
a’ domains, respectively. With each of the above-mentioned methods 5 simulation snap-
shots were sampled for a total of 30 PDIA1 conformations for subsequent docking runs.
(Figure 59)
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Figure S9. PDIA1 selected conformations from MD simulations.

52.3. a. and B-Punicalagin MD Simulations

As a and - are characterized by a cyclized highly constrained chemical structure
and considering the smina limitations molecular docking were done using a rigid body
docking procedure. To fulfill this lack of conformational flexibility, MD simulations of «
and p-punicalagin were carried out to sample punicalagin conformations. The initial
punicalagin structures were modeled in the all-axial and all-equatorial conformations
and minimized at the RM1 level of theory. (Figure S10) As expected, all-equatorial con-
formations were the most stable for either the a or (3 epimers. In particular, -
punicalagin showed lower energies than a-punicalagin. The four structures were sub-
jected to 100 ns MD simulation. Notably, for both a and 3-punicalagin the all-axial con-
formations were converted to the all-equatorial ones within the first 5 ns of simulation in
agreement with the semi-empirical quantum mechanical calculations. Punicalagin con-
formations were sampled using two of the three approaches above described for the
PDIA3 conformation sampling: (1) k-means on heavy atoms cartesian coordinates; (2)
KDE on first two PCA components derived from heavy atoms cartesian coordinates.
Therefore, a total of 80 a and B-punicalagin conformations were selected for docking
simulations.
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52.4. PDIA3 Molecular Docking Simulations

The selected o and -punicalagin conformations were docked onto the 2 and a” do-
mains of the selected PDIA3 conformations returning 24,000 binding poses for each
PDIA3 domain. Binding modes selection for further studies have been carried out basing
on Vinardo score ranking and by statistical approach applying kernel density estimation
(KDE) on poses’ heavy atoms cartesian coordinates first two principal components. The
selected binding poses were used for free energy calculations for final rescoring and se-
lect the most likely binding conformation.

Figure S11. Selected a and (3-punicalagin binding modes for a (A) and a’ (B) PDIA3 domains: conformation

selected by Vinardo score are depicted in red, while those selected by structural correlation are depicted in

blue.



52.5. PDIA3 Free Energy Calculations

The docked keys were merged with the respective locks, then solvated, minimized
subjected to free energy estimation by means of MM/GBSA calculations. Results evi-
denced the higher affinity of a and -punicalagin for PDIA3ox, while 2" seems to be the
preferential binding domain. In both domains (-punicalagin showed higher affinity
with respect to the a form. Results analysis started with ranking of binding modes by
calculated free energy value: for the 4 domain the first two ranked binding modes (Fig-
ure S12A), -39.2 and -37.1 kcal mol respectively, are almost identical while the third
ranked (Figure S12B), -35.2 kcal mol-, is quite different since the ligand is settled on the
other domain face; for the a” domain the top ranked binding mode (Figure 6A) is well
detached from the other poses (—49.9 kcal mol), showing a difference with the second
ranked pose of ~8 kcal mol.

a and p-punicalagin free energy results on the s domain displayed the first two
ranked binding modes (Figure S12A), -39.2 and -37.1 kcal mol! respectively, being al-
most identical while the third ranked one (Figure S12B), -35.2 kcal mol, is quite differ-
ent since the ligand is settled on the other domain face; for the 2" domain the top ranked
binding mode (Figure 6A) is well detached from the other poses, showing a difference
with the second ranked pose of ~8 kcal mol-.

Figure S12. Minimized binding modes of B-punicalagin on PDIA3 a2 domain. (A) lowest energy predicted
binding mode (-39.2 kcal mol™); (B) third ranked binding mode (-35.2 kcal mol™).



52.6. MD Simulation on Best PDIA3-Punicalagin Complex

As the predicted binding mode was not found in close contact with quenching resi-
due Trp405 and to understand how B-punicalagin could alter PDIA3 structure, a further
analysis was conducted by means of 100 ns MD simulation. Trp405 solvent accessible
surface area (SASA) collected along the simulation retunerd a different trend in compar-
ison with PDIA3ox and PDIA3red simulations (Figure 7A). Indeed, the Trp405 SASA for
the B-punicalagin complex (PDIA30ox-Pun) showed a Trp405 burial in the second half of
the simulation due to the 2 and a” domains approaching each to the other to make con-
tacts adopting a “closed” conformation (Figure 7C-D). RMSD analysis of PDIA3ox-Pun
(Figure S13A) returned a trend consistent to PDIA3ox and PDIA3res while RMSF (Figure
S13B) indicate a reduced flexibility of PDIA3ox-Pun complex with respect to PDIA3ox
and Red-PDIA3.
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52.7. PDIA1 Molecular Docking Simulations

As for PDIAS3, selected a and {-punicalagin conformations were docked into the a
and a’ domains of selected PDIA1 snapshots returning 12,000 binding poses for each
PDIA1 catalytic domain. Binding modes selection for free energy calculations have been
carried out basing on Vinardo score ranking and by statistical approach applying kernel
density estimation (KDE) on poses” heavy atoms cartesian coordinates first two principal
components, as already done for PDIA3. Selected docking results on the 2 domain (Fig-
ure S14A) showed two distinct conformations clusters matching the two selection ap-
proaches. Selected docking results on the 2” domain (Figures S14B and S15) were mainly
grouped into a cluster, except for few poses located at the a’/b” domains interface. The
binding pocket in the a” domain mainly occupied by the most correlated binding poses
(blue sticks in Figure S14B) was the same pocket identified as punicalagin binding site
on PDIA3 a2’ domain, while the poses located at the a’/b” domains interface occupy a hy-
drophobic pocket only available in the PDIAIred “closed” conformation. (Figure S15)

Figure S14. Selected a and [3-punicalagin binding modes for 4 (A) and a’ (B) PDIA1 domains: conformation se-
lected by Vinardo score are depicted in red, while those selected by structural correlation are depicted in blue.



Figure S15. Selected a and 3-punicalagin binding modes for 2 PDIA1 domains displayed on the
whole PDIA1 structure: conformation selected by Vinardo score are depicted in red, while those

selected by structural correlation are depicted in blue.



52.8. PDIA1 Free Energy Calculations

As for PDIAS3, the selected PDIAl-punicalagin complexes for both the a and a” do-
mains subjected to MM/PBSA free energy calculations. Results indicated 4’ as preferen-
tial punicalagin PDIA1 binding domain and {-punicalagin as favored epimer for both
catalytic domains. Contrary to what seen for PDIA3, calculations evidenced higher
punicalagin affinity for PDIAlred. The top ranked calculated binding free energy for [3-
punicalagin on PDIA1 a domain was —42.7 kcal mol™ while its best binding free energy
on the a” domain was —56.8 kcal mol-. The first five top ranked binding modes of 3-
punicalagin on PDIA1 a domain, lying in a range of ~5 kcal mol™! were quite similar to
each other and the first two (-42.7 and —42.2 kcal mol respectively) were almost identi-
cal. The top ranked punicalagin binding mode (Figure S16) was associated with PDIAlox
while the second with PDIATred. Results for PDIA1 4’ domain showed the top ranked
binding mode (Figure S17) well detached from the other poses, with a difference of ~11
kcal mol with the second one (-56.8 and —45.3 kcal mol respectively). A 3-punicalagin
binding mode targeting the same pocket as for the best on PDIA3ox was characterized by
a binding free energy of —43.2 kcal mol-.

Figure S16. Top ranked binding mode of B-punicalagin on
PDIA1 a domain (-42.7 kcal mol?).



Figure S17. Lowest energy predicted binding mode for 3-punicalagin on PDIA1 4’ domain. A and B show the same
pose from two different views. Residues within a distance range of 5 A are depicted as lines.
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