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promising platform for designing therapeutic and preventive vaccines.
A potential target is, for example, the human immunodeficiency virus
(HIV-1) for which, despite decades of efforts, no vaccine is available.
Indeed, due to the enormous variability of the virus, a single formula-
tion effective against all or most HIV strains might not be achievable.
Moreover, upon infecting host cells, HIV-1 can integrate in the host
genome and form long lasting latent reservoirs that are not susceptible
to common antiretroviral treatments. Therefore, a therapeutic vaccine
designed to eliminate infected cells might represent a key component
of strategies aimed at curing the infection. We herein introduce an au-
tomated algorithm to produce personalized and population-based vac-
cines.
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Custommune: a web tool for designing personalized and population-targeted
peptide vaccines

Background of the invention

Computational prediction of immunogenic epitopes is a promising platform for designing
therapeutic and preventive vaccines. A potential target is, for example, the human
immunodeficiency virus (HIV-1) for which, despite decades of efforts, no vaccine is
available (Burton 2019: Stephenson 2018). Indeed, due to the enormous variability of the
virus, a single formulation effective against all or most HIV strains might not be

achievable. Moreover, upon infecting host cells, HIV-1 can integrate in the host genome
and form long lasting latent reservoirs that are not susceptible to common antiretroviral
treatments (Churchill et al. 2016). Therefore, a therapeutic vaccine designed to eliminate

infected cells might represent a key component of strategies aimed at curing the infection.
Peptides designed on the basis of individual viro-immunological features of HIV™
individuals have recently shown the ability to induce post-therapy viral set point abatement
(Diaz et al. 2019). However, the reproducibility and scalability of this method has been
curtailed by the need to manually intersect virologic and immunologic data for each patient
and by potential arbitrariness in selecting between different peptide vaccine candidates.
We herein introduce an automated algorithm to produce personalized and population-based
vaccines, applicable not only against HIV but also against other RNA viruses and various
types of cancer.

Summary of the invention

1) The present invention mainly focuses on the calculation of the scores used for ranking
the peptides to be chosen for use in personalized vaccines. The algorithm proposed is
completely independent of the software used and allows an accurate prediction of the
immunogenic peptides that need to be chosen in order to ensure optimal binding to the
candidate vaccine’s HLA antigens. Previous inventions aimed at calculating the optimal
peptides for presentation to lymphocytes through the vaccine’s HLA antigens did not apply
the same scoring system. The Custommune score that we propose is based on the affinity
scoring of the final top-scoring peptides by structurally fitting them into the binding groove
of their predicted HLA allele, allowing the pipeline to check the reliability of the theoretical
IC50 values. The pipeline compares them to the structural docking scores which should
show higher affinity and lower binding energies with low theoretical IC50 values. It then
helps the final scoring function to prioritize the recommended list of epitopes in an attempt
to decrease false positives. This goes in parallel with computing a standard deviation of the
predicted theoretical IC50 values for theoretical mutants of top peptides, allowing the tool
to consider peptides with less potential to lose affinity due to possible mutations in their
sequences (Figure 1). This is of particular importance when target proteins have high
mutation frequencies such as in the case of RNA viruses and cancer (Figures 2-5).

2) The vaccine design pipeline proposed in the present invention allows population-
targeted approaches. Depending on the HLA allele, frequencies in publicly available
databases and population-specific studies, Custommune receives a set of alleles selected
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on the basis of weighted frequencies of highly frequent alleles (>0.1% of each population
dataset). These frequencies are also used to estimate a theoretical population coverage for
the final construct. With this approach a vaccine is proposed, based on sequences of the
SARS-CoV-2 surface glycoprotein responsible for its binding with the main receptor of
the virus on the cell surface (Figures 2 and 3).

3) Finally, the present invention provides an automated system for T-cell epitope prediction
(Figure 1), resulting in potential vaccines, instead of following a time consuming process
involving multiple steps and a certain degree of expertise in bioinformatics. This automated
pipeline is a user friendly interface that can be adopted by any operator having only basic
knowledge in biology. This application could represent an advantage in the future when
personalized vaccines will be widely adopted in many medical settings in the world, which,
given the amount of workload, will require operators with only an intermediate level of
expertise, such as nurses or medical doctors with no specific training in molecular
medicine.

Detailed description of the figures

Figure 1. Illustrated workflow of Custommune epitope prediction

(Input) the Custommune pipeline starts by validating user inputs for sequences, alleles and
desired epitope length. (Sequence analysis) input sequences are then translated to build an
alignment of amino acid sequences from which a consensus sequence is generated and used
for further epitope prediction. (First epitope assessment) using the netMHCpan 4.0
algorithm35, Custommune initially ranks epitope predictions based on their IC50 values.
(Epitope scoring) additional scoring layers are then applied by Custommune based on:
location of the epitope (by assigning a LocationScore to epitopes located in an evolutionary
conserved region); evolutionary conservation of the epitope residues (C-Score) assessed
by using an internal sequence database (Supplementary File 1) or the Basic Local
Alignment Search Tool (BLAST; https://blast.ncbi.nlm.nih.gov/Blast.cgi); presence of
reported escape mutations; overlap with previously reported immunogenic epitopes (D-
Overlap) retrieved using an internal database. (Multiple HLA affinity) following these
filtration layers, Custommune identifies whether any predicted epitope displays high-
affinity to multiple HLA alleles and (Final epitope filtration) discards any epitopes that
have reported escape mutations and/or are not located in an evolutionary conserved region.
(Affinity robustness) among remaining candidates, Custommune restricts further analyses
on the three top scoring epitopes for both HLA classes. For these, Custommune computes
the HLA binding affinities of potential mutant versions, though not classified as escape
mutations, to estimate the impact of these mutations on epitope recognition (SDaffinities).
(HLA-epitope docking) on the same three top ranking epitopes, Custommune computes
epitope-HLA allele docking scores, calculated using the LightDock79 python package and
scored using the DFIRES8S scoring function. (Final output and annotation) in a parallel
process, the Bepipred 2.039 algorithm is implemented to predict neutralizing antibody
epitopes from the initial consensus sequence, that can be further intersected with Class 11
restricted epitopes to increase immunogenicity. As a final output, for both Class I and II
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HLAs, Custommune ranks the top 3 epitopes according to a score (CustoScore) which
accounts for all aforementioned filtration parameters.

Figure 2. Identification of vaccine targets in the receptor binding domain (RBD) of the
SARS-CoV-2 Spike (S) glycoprotein.

(A) Partial sequence of the SARS-CoV-2 S-glycoprotein (derived from structure
QHDA4341690). Residues constituting the protein-protein interaction surface of the S-
glycoprotein (magenta) with ACE2 are shown in different gradations of blue. Residues
responsible for binding of the S-glycoprotein only in the presence of an unbound catalytic
site of ACE2 are shown in dark blue. The residues underlined correspond to the receptor
binding domain 1 (RBDp), as described in the main text. (B) Interaction of SARS-CoV-2
S-glycoprotein (magenta) with superimposed structures of unbound ACE2 (yellow) or
ACE-2 bound to the competitive inhibitor MLLN-4760 (green). The specific segment in the
receptor binding domain (RBD) of the S-glycoprotein that was found to overlap with both
configurations of ACE2, i.e. unbound catalytic domain or catalytic domain bound with
inhibitor MLLN-4760, is shown in cyan. Residues binding only to unbound ACE-2 are
shown in dark blue.

Figure 3. Spike glycoprotein of SARS-CoV-2 (cyan) interacts with superimposed
structures of ACE2 in both states: bound with the competitive inhibitor MLN-4760 (blue)
and unbound, inactive, state (green). N-Acetyl-D-glucosamine (NAG) shown in red was
found to be in close proximity to the interaction interface between the spike glycoprotein
and ACE2. NAG was found to bind Lys26 and Asn90 on ACE2 and Gly416 and Lys417
on the spike glycoprotein

Figure 4. Potential therapeutic efficacy of Custommune-predicted vaccine candidates.
(A) Percentage of personalized peptides predicted by Custommune which overlap with
those administered as vaccines to people living with HIV/AIDS (PLWHA) in clinical trial
NCT02961829. Each letter indicates a trial participant. (B) Percentage of overlap between
epitopes predicted by Custommune and epitopes administered in the trial in virologic
responders and non responders. Virologic responders were defined as individuals with A
viral load set point > 1 Logl0 copies of HIV-1 RNA/mL of plasma. Data were analyzed
by two-tailed Student t-test. Panel C) A viral load set point in trial participants who received
peptides with high or low overlap to Custommune predictions (> 50% or < 50% overlap,
respectively).

The A viral load set point was calculated as the difference between pre- and post-therapy
viral load set points, with post-therapy viral load set point calculated as the median of all
available measurements (up to 9 weeks post-treatment interruption). Each data point in
panels B and C indicates a trial participant.
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Figure 5. Correlation between in-vivo IFNy CTL responses from immunized HLA-B*27
mice and Custommune predictions for selected pool of MUCT peptides. Splenocytes from
2 mice were restimulated with 2 MUCT peptides (A), and CD4-depleted splenocytes from
five mice were restimulated with four different peptides (B).

Figure 6. Sequence string for RBD.

Detailed description of the invention

Custommune is a user-friendly web tool that streamlines a thorough pipeline (Figure 1) for
designing epitopes for preventive and therapeutic vaccines.

Written in  Python (Python Software Foundation, version 3.7. Available at
http://www.python.org)  using the Django  framework  (version 2.2.6

https://www.djangoproject.com/start/overview/), Custommune provides the user with an
easy online interface for accessing and downloading prediction datasets without any coding
knowledge requirements.

For HIV-1 vaccine design, the tool intersects input data from patient-specific viral
sequences (DNA in FASTA format or raw DNA sequencing inputs) and patient's HLA-I
and/or HLA-II alleles, giving an output of epitopes of desired k-mer length. Even though
the approach could be potentially extended to encompass entire HIV-1 sequences, so far
only the gag gene has been used to infer viral epitopes with Custommune. This is motivated
by the unique features of anti-gag cell mediated immune responses, which were repeatedly
highlighted as a correlate of viral load decrease in HIV™ individuals and of post-therapy
control in macaques (Kiepiela et al. 2007; Shytaj et al. 2015; Riviére et al. 1995; Zuiiiga et
al. 2006; Jia et al. 2012).

The HLA-specific epitopes provided by Custommune are filtered according to a set of
parameters that compute epitope affinity in terms of sequence variations and conservation
degree, allele-restricted affinities and previous clinical evidence of immune response. The
tool pipeline (Figure 1 and Example 1) also computes related physicochemical parameters
of the personalized epitope sequence to aid assessment of the structural stability of
candidate peptides. Overall, the tool is optimized to identify immunogenic gag peptides
characterized by the lowest variability (mutation potential). In line with this, the tool
specifically highlights potential epitopes that are contained in regions which are essential
for viral fitness. These regions were previously identified through in-silico and ex-vivo
studies, showing that showed gag segments which are essential for viral packaging and
assembly are structurally and evolutionary conserved, displaying low Shannon entropy
both in humans and primate lentiviruses (Shytaj and Savarino 2015).

In another embodiment, Custommune may be used to develop novel anticancer treatments
using a similar approach to that described for HIV-1. Cancer neo-epitopes are promising
targets for immunotherapy (Bethune and Joglekar 2017). These peptides include specific
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somatic mutations that could be targeted using cellular immunotherapies or vaccine
formulations to render tumors more accessible by the immune system.

Custommune could accelerate detection of cancer neo-epitopes in a personalized fashion.
To this aim, the input for the tool could be derived from a library of neoantigen sequences
which would be specific for the type of cancer considered. Datasets available in the
literature could be used to build this library, including signature mutations, pathway
analysis, frequently mutated genes and differential expression of the putative antigens. This
would allow Custommune to rank a set of neoantigens specific for the phenotype of interest
and match them with patient-specific HLA alleles.

While chronic or long-term conditions such as HIV-1 and cancer are ideal models for
personalized vaccines, an acute life-threatening infection is more suited for population-
based vaccine design. Custommune predictions could identify epitopes which are expected
to be recognized and bound by the HLLA haplotypes most prevalent within a population or
subpopulation. This could allow sparing time and resources for sequencing and peptide
production targeting single individuals and centralize standardized vaccine production at a
national level. While complete herd immunity would be far from assured, having a certain
proportion of the susceptible population protected might be sufficient to limit the spread of
the epidemics.

An i1deal model for the design of population-targeted peptides for vaccination is the severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the pathogen responsible for the
recent, and currently ongoing, CoVid19 epidemic (Velavan and Meyer 2020). SARS-CoV-
2 represents an urgent challenge for vaccine development (Zhang and Liu 2020). The virus
was initially reported in the Hubei province (China) in November 2019 and, since then, has
caused a growing epidemic with pandemic potential (Velavan and Meyer 2020). While
some antiviral agents have been proposed for use against coronaviruses (Vincent et al.
2005) and have displayed some efficacy in pilot clinical trials against SARS-CoV-2 (Gao,
Tian, and Yang 2020; Savarino et al. 2006; Wang et al. 2020), no vaccine against this virus
is as yet available. Interestingly, SARS-CoV-2 shares approximately 80% sequence
identity with SARS-CoV (Zhou et al. 2020), the virus that was responsible for an epidemic
burst of acute pneumonia in China in 2003. However, vaccine approaches attempted so far
against SARS-CoV, including the use as an immunogen of the recombinant viral spike
glycoprotein, which the virus uses to dock at the target cell, have not been successful as of
date. In light of its user-friendly and fast interface, the Custommune pipeline (Figure 1)
can be applied to test target sequences of SARS-CoV-2 and predict optimal immunogens
for HLA-s typical for the populations of each affected region or for generation of
neutralizing antibodies. The present invention is however independent of the web interface
that we propose, and the single steps can be performed manually or with any other
computational tool.

Input patient-specific gag sequences can be copied as raw sequences or added in FASTA
format to the tool. The input form also allows the user to provide the patient's phenotypic
alleles both for class-I and/or class-1I in either one allele per prediction or in multiple-
alleles format. In addition, the user can also input the desired lengths required for the target
HLA-I alleles inserted into the tool form. To facilitate the allele input step, the tool provides
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two links, directing the user to a list of supported HLA alleles, mirroring those of the
netMHCpan 4.0 algorithm (Jurtz et al. 2017), for each HLA class.

The tool pipeline (Figure 1) starts by translating user-input gag sequences to protein
sequences. Custommune then performs a multiple sequence alignment of these sequences
using the Clustal Omega (REST) web service Python client (Sievers et al. 2011) and,
eventually, builds a consensus translated sequence that will be used for epitope prediction.
The consensus sequence is used to predict epitopes restricted to patient-specific HLA-
alleles for both classes.

Resulting epitopes are then filtered according to predicted binding strength and
evolutionary conservation. For the former, epitopes are ranked in ascending order
according to their IC50 values, using a cutoff of 1000 nM. For calculating evolutionary
conservation, each epitope is compared for similarity to an internal database of gag
sequences (detailed in the methods) collected mainly from curated gag alignments
retrieved from the Los Alamos HIV sequence database {(hitp://www hiv.lanl.gov/}.
Moreover, to verify whether the antigenicity of the candidate epitopes has already been
described, the tool compares potential epitopes to those already described in the Los
Alamos HIV immunology site (htip://www hivlanl gov/content/immunoclogy). The
overlaps are listed in a separate text to enable the user for further manual checkup. Finally,
to further refine the structural assessment of epitope binding to HLA-alleles the tool
performs structural epitope modelling followed by epitope-HLA docking to determine the
structural stability of the HLA-predicted epitope binding.

Custommune 1s also designed to answer some of the clinically relevant questions about
epitope ranking, one of which is determining epitopes that could exert high binding
affinities for multiple alleles. Another relevant question is whether epitopes may include
any previously reported escape mutations which could render the infected cells hidden
from immunity. For instance, mutant versions of one epitope that exert lower binding
affinities than predicted for the original epitope could indicate a potential immune-escape
effect needing exclusion from the vaccine strategy. To account for this, Custommune
estimates the binding affinities of the mutant versions, if any can be predicted, for the top
three epitopes. Of note, when compared with manually designed peptides for personalized
therapeutic vaccines against HIV-1, Custommune predictions correlated with therapeutic
efficacy (Example 2)

To apply Custommune for population-targeted vaccine design against SARS-Cov-2, it is
first essential to determine the target sequences of SARS-CoV-2 that could serve as a basis
for predicting epitopes for HLA or neutralizing antibody recognition. Neutralizing
antibodies might be preferable for this application, since they are regarded as more
effective for prevention (Zhu et al. 2007), in contrast to cell mediated immunity, which is
more suitable for therapeutic vaccination.

As a starting point to identify potential input sequences for Custommune, we analyzed
therapeutic strategies suggested to inhibit SaRS-CoV replication, in line with the similarity
between SARS-Cov-2 and SARS-CoV (Zhu et al. 2007). In particular, two previous
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therapeutic approaches were considered: 1) the use of neutralizing antibodies which block
the portion of the S-glycoprotein that mediate the main protein-protein interaction with the
cellular entry receptor, i.e. angiotensin converting enzyme 2 {ACE2) (Zhu et al. 2007), 2)
the use of 4-aminoquinoline, chloroquine, which was used for decades as an antimalarial
drug and was recently showed to effectively inhibit SARS-CoV-2 in vitro (Wang et al.
2020) and to have curative potential in the infected individuals (Gao, Tian, and Yang 2020).
Several mechanisms have been postulated for the anti- coronavirus effect of chloroquine,
the best documented of which is inhibition of ACE2 glycosylation, decreasing S-
glycoprotein binding affinity and suggesting that carbohydrate moieties also contribute to
SARS-CoV attachment to target cells along with the aforementioned protein-protein
interaction (Vincent et al. 2005; Savarino et al. 2000).

To translate these approaches to vaccine design we:

1) performed a thorough analysis for molecular complexes of SARS-CoV-2 spike
glycoprotein with the entry receptor ACE2. Considering the configuration of
ACE2, we superimposed complexes of S-glycoprotein/ACE2 in both states of
ACE2, i.e. a bound state with the catalytic site engaged (by angiotensin or the
competitive inhibitor MLLN-4760 (Dales et al. 2002)) or the free state. The analysis
of the receptor binding domain of the viral spike protein (RBD) in complex with
ACE2 indicated that the binding surface of the S-glycoprotein is relatively larger
with the unbound configuration of ACE2 and restricted by ACE2 catalytic site
engagement (Figure 2). Therefore, we decided to focus the epitope search within
the RBD sequence interacting with the catalytic site~-bound ACEZ, which we named
RBDI (Figure 6). Of note, this binding surface, though small, entirely overlaps with
a portion of the S-glycoprotein attached to unbound ACE2 (Figure 2). Therefore, it
15 expected that this approach will be able o evoke antibodies aganst the RBD
urespective of the ACEZ configuration.

This approach constitutes a significant novelty of the present invention in
comparison with previously followed approaches.

2) inspected the possible contribution of oligosaccharide moieties of ACE2 to the S-
glycoprotein/ACE2 binding interface, a so far unexplored topic. It is known that
oligosaccharide moieties containing sialic acid and bound to ACE2 are fundamental
for optimal infectivity of SARS-CoVs (Vincent et al. 2005), because disruption of
oligosaccharide formation using the broad-spectrum antiviral chloroquine
significantly decreases SARS-CoV infectivity (Vincent et al. 2005; Savarino et al.
2006). Despite the lack of structural data on S-glycoprotein/ACE2-bound
oligosaccharide interactions, insight into this phenomenon can be obtained by
analysing a published structure of ACE2 (1R4L), which presents an N-
acetylglucosamine (NAG) remaining from the oligosaccharide originally attached
to the protein. The NAG interacts with the ACE2 amino acid Asn90, a residue in
close proximity to Lys26, which is in turn responsible for the attachment of N-
acetylglucosamine moiety to ACE2. By superimposing the S-glycoprotein with the
1R4L ACE?2 structure, we were able to determine the specific segment of the S-
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glycoprotein RBD that could be responsible for the interaction with ACE2 by
measuring the atomic distances at the binding interface between the (NAG) moiety
and the S-glycoprotein. Two specific residues (Gly416 - Lys417) were found to
interact directly with NAG (Figure 3). Thus, by selecting a peptide that includes 20
amino acids in both forward and backward direction of the translation frame from
a starting point of Gly-416, we could select a segment of the S-glycoprotein RBD
-namely (RBD2) {Figure &), which 1s another bona fide optimal target for designing
neutralizing antigenic epitopes to disrupt S-ACE2 cellular entry complex.

Therefore, the RBD1 and RBD2 DNA sequences of SARS-CoV-2 can be used as optimal
inputs for Custommune, along with the sequences of HLA-II alleles which have been
previously associated with susceptibility to infections with coronaviruses (Hajeer et al.
2016; Yang et al. 2009; Xiong et al. 2008). Indeed, by inspecting the results of both HLA-
II epitope prediction and antibody epitope prediction -using Bepipred-2.0- (Jespersen et al.
2017), Custommune was able to identify four potential neutralizing epitopes -three against
RBD1 (“SNLKPFERD”, "TEIYQAGSTPCNGVEG” and "LQSYGFQP”) and one against
RBD2 (“IRGDEVRQIAPGQTGKIADYNYKLPD”) - that also overlap with predicted
highly ranking class-II HLA epitopes.

The predicted epitopes can be included in multitargeted vaccine approaches, such as multi-
epitope proteins. These can be obtained by covalently linking the neutralizing antibody
epitopes to contiguous cytotoxic T-lymphocyte (CTL) epitopes, which can also be derived
using Custommune. Linkage of the different epitopes can be performed using linker
peptides containing proteolytic cleavage sites (Arai et al. 2001). The different neutralizing
antibody and CTL epitopes can also be simultaneously linked to different portions of self-
assembling peptide cages in order to increase antigenicity (Morris et al. 2019). In a further
attempt to mimic the successful inhibition of SARS-CoV-2 by chloroquine, one or more
CTL epitopes may be derived from the viral papain-like protease (PL-pro), which has been
recently suggested as an additional target of this drug (Arya et al. 2019). The present
invention is, however, not restricted to CTL epitopes derived from PL-pro, and epitopes
derived from other non-structural and structural viral antigens may be flanked to the
neutralizing antibody epitopes. We used the tool to predict and filter possible neutralizing
epitopes against PL-pro of SARS-CoV2 by mainly focusing on the specific catalytic
domain. This domain aids assembly of viral vesicles required for SARS-CoV?2 replication
and antagonizes type I interferon and NF-kappa-B of host cells (Clementz et al. 2010).
Based on the structural analysis of SARS-CoV-2 PL-pro reported by (Arya et al. 2019) we
focused our predictions on epitopes spanning the catalytic triad residues of PL-pro
including; Cys114, His275 and Asp289. Custommune predictions for neutralizing antibody
epitopes in the PLpro of SARS-CoV-2 returned 4 results; KTVGELGDV,
YEQFKKGVQIPCTC, GNYQCGHYKHITSKET and YCIDGALLTKSSEYKGPIT. Of
these, GNYQCGHYKHITSKET encompasses the catalytic residue His275 while epitope
YCIDGALLTKSSEYKGPIT encompasses Asp289.

In addition, suitable commercially available adjuvants can be used for vaccine
administration. These may include, but are not restricted to, water-in-oil or oil-in-water or
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double layered emulsions, and suitable polymers, in particular those containing TLR
ligands to increase epitope-driven immune activation (Li et al. 2014; Lei et al. 2019).
Finally, for detection of cancer neo-epitopes, a procedure similar to that detailed for HIV-
1 can be applied. Specifically, the Custommune pipeline will process input reads by
aligning them to reference sequences, followed by mutation detection and building of
consensus peptide sequences. Subsequently, Custommune will perform in-silico epitope
prediction from consensus peptides. These potential epitopes will be ranked according to
allele-restricted affinities for neoepitopes and the difference between affinities of
neoepitopes and corresponding non-mutated versions. Then, highly ranking epitopes will
be subjected to further filtration layers considering: mutation site, peptide conservation,
mutation frequency, predicted functional deleteriousness of mutations, overlapping with
internal neoepitope database items and stability of the neoepitope and its structural binding
to the restricted allele.

The tool will report back a scoring report for highly ranking filtered candidates reflecting
a scoring function that considers neoepitope-identification parameters. The tool will also
provide corresponding DNA sequences for candidate epitopes to facilitate delivery through
vaccine-adjuvants and/or engineered cellular therapies.

To conclude, Custommune provides the user with an automated pipeline for personalized
or population-targeted peptide vaccine design using a multilayer epitope filtration
approach. The tool also provides the user with the ability to download and inspect sequence
translation data, sequence alignment data and consensus sequences generated with its
computed physico-chemical parameters, including secondary structure predictions to allow
the user to manually assess the stability of consensus sequences. Custommune outputs can
be further downloaded as ranked epitope prediction files for further inspection. These
features may provide new insight into vaccine design for infectious diseases such as
HIV/AIDS and CoVid 19 and for personalized cancer immunotherapy.

Examples

Example I: Design and implementation:
Web application

Written in Python (v3.7) using Django (v2.2.6) Custommune is an online tool that provides
an integrative pipeline (Figure 1) for prediction and filtration of personalized epitopes.

Sequence processing

The Biopython package (Chapman and Chang 2000) is used for translating input
sequences, then alignment of translated sequences is performed using the python client of
Clustal Omega (REST) web service (Sievers et al. 2011). A consensus of the aligned
sequences 1s generated using the Biopython module with a 50% similarity cutoff. The
Biopython “ProteinAnalysis” function is used to estimate physicochemical parameters and
secondary structure of the consensus sequence, including: molecular weight, gravity,
specific count of amino acids, isoelectric point and fractions of secondary structures.
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Epitope prediction and filtration layers

Custommune is connected with RESTful interface (IEDB-API) (Dhanda et al. 2019) to be
used as a platform for using NetMHCpan v4.0 (Jurtz et al. 2017) for HLA-I and HLA-II
predictions as well as Bepipred v2.0 (Jespersen et al. 2017) for antibody epitopes
prediction. Pandas package (McKinney et al. 2010) is then used to structure epitope sorting
tables and allow for comparative filtration. The primary filtration is based on IC50 values,
a cutoff of 1000 nm 1s used to prevent loss of potentially false negatives.

The Los Alamos HIV database (http://www.hiv.lanl.gov/content/immunology) was used
to create internal HLA class-specific datasets of previously reported immunogenic epitopes
against HIV gag. Using pandas (McKinney et al. 2010), high-affinity epitopes are
compared to these datasets to highlight epitopes with previously described
immunogenicity. Moreover, another filtration layer is designed to report escape variants
by comparing each epitope to an internal database collected from various literature sources
including: dataset of HLA-associated polymorphisms in the HIV-1 gag gene as reported
by (Brumme et al. 2019), as well as the datasets reported by (Christian et al. 2013) and the
datasets of CTL/CD8" and T Helper/CD4" epitope variants and escape mutations reported
in Los Alamos HIV database (http://www.hiv.lanl. gov/content/immunology/). Additional
filtration 1s obtained by comparing the epitope location within the gag sequence, to gag
regions essential for viral assembly and packaging which tend to be structurally and
evolutionarily conserved, as reported by (Shytaj and Savarino 2015). To further refine this
filtration, Custommune computes the degree of conservation for each epitope by
comparing the epitope sequence to the HIV Sequence Compendium database (Foley et al.
2018) which includes 680 alignments of HIV-1/SIVcpz gag protein sequences. The degree
of conservation (Cscore) of each epitope is calculated as a fraction represented by the
subset of sequences {s}in which the epitope scored a local alignment of more than 80%
using Clustal Omega (Sievers et al. 2011) over the total sequences Stotal in the internal
database.

{s}

Stotal

Cscore =

The next layer of filtration selects only epitopes that rank high for multiple alleles in case
a multiple-allele input was selected by the user for both HLA classes. For further
assessment of the impact of predictable mutations, Custommune computes the effect of
these mutations (retrieved from the internal gag sequences database) on the binding affinity
of epitopes to the patient HLAs. This refined analysis is performed only on the top three
epitopes initially predicted by the tool. By computing affinities to the same allele the user
can estimate the impact of mutations in this specific segment on affinity to the restricted
allele. The degree of deviation of the mutated version is estimated based on SDaf finities,
which are calculated as a standard deviation (SD) of the set of IC50 values for the candidate
epitope and its mutant versions. The deviation value is therefore considered to negatively
reflect the binding stability of this peptide segment to a restricted allele, in respect to a set
of predicted mutant versions of the same segment.
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Structural validation and epitope reporting

The python package PeptideBuilder (Tien et al. 2013) is used for generation of 3D models
of top epitopes, while the package LightDock (Jiménez-Garcia et al. 2018; Roel-Touris,
Bonvin, and Jiménez-Garcia 2020) is implemented to perform epitope-HLA docking based
on the Glowworm Swarm Optimization algorithm (GSO) (Krishnanand and Ghose 2009).
Solved structures of HLA-Alleles were collected from the pHLA3D database (Menezes
Teles E Oliveira et al. 2019) and The Protein Data Bank (PDB) (Berman et al. 2000).
Docking scores are included in the final filtration layer for the highest ranking epitope
candidates.

Final scoring and annotation

For highly ranking epitope candidates, a scoring function is designed to account for each
filtration layer. In this function each continuous parameter
(IC50, DFIRE docking score,Cscore and SDaf finities) is represented by a
quantitative value, according to the following rules: 1) the IC50 value is rescaled by
calculating its reciprocal multiplied by a weighting factor of 10*; 2) docking scores are
preceded by a negative sign to weight the negative binding energies of the DFIRE scoring
function of LightDock; 3) Cscore is considered as a percentile of the Cscore fraction
weighted by a factor of 10%; 4) SDaffinities are preceded by a negative sign to weight the
positive values of deviation values. Categorical parameters (escapeM,locationscore
andDOverlap) are represented by binary values weighted by a factor of 500 for favorable
states while non favorable states are given null values.

Overall the formula to calculate the final ranking (S) can be calculated as follows:

S = 10000 * (JC50Y' - DFIRE + EscapeM *500 + CScore *1000 + LocationScore * 500 -
SDatfinities + DOverlap *500

The top three epitopes ranked by S score are further analyzed based on their possible
overlap with epitope data sets previously associated with: post-ART control, efficacy in
vaccine studies and the lack of reported escape mutations. Finally, predicted antibody
epitopes estimated by Bepipred 2.0 (Jespersen et al. 2017) are reported if they overlap with
the top candidate epitopes ranked by S score. To allow manual inspection of results,
sequence processing data and unfiltered prediction results are provided in a separate section
of the results page with a downloading link for a text file.

Example 2. Therapeutic predictions

HIV/AIDS

To test Custommune predictions against manual epitope selection we chose an ongoing
multi intervention phase II clinical trial enrolling HIV™ individuals (NCT02961829). For
the trial, autologous dendritic cells were pulsed with a personalized vaccine designed
manually from gag sequences isolated from each patient’s virus. In the study groups
receiving this vaccine (along with other interventions) the patients showed variable
responses, including two individuals who displayed significant control of viral load during
analytical treatment interruption (Diaz et al. 2019). Using input data from these treatment
groups showed that epitopes predicted by Custommune generally displayed some overlap
with those administered in the study (Figure 4A). Of note, when data were stratified based

11



10

15

20

25

30

35

40

WO 2021/176352 PCT/1IB2021/051732

on virologic response, defined as > 1 Logio A viral load set point (i.e. the difference
between pre- and post-therapy copies of median HIV-1 RNA/mL of plasma
measurements), the non-responders were the only patients for which there was no
overlapping prediction between Custommune epitopes and those administered in vivo
(Figure 4B). Moreover, patients who were administered vaccine epitopes highly
overlapping (>50%) with those predicted by Custommune, were characterized by higher
viral load abatement (Figure 4C). These data suggest that Custommune can predict epitopes
with therapeutic potential.

Cancer

Custommune pipeline could be applied to design peptide vaccines against selected cancer
antigens. For this purpose, we validated custommune predictions against specific antigens
of interest to cancer immunotherapy. MUCI1 is a promising antigen for triple negative
breast cancer (TNBC) immunotherapy. Herein, we compared Custommune affinity
predictions with in-vivo IFNy Elispots of CD8-specific MUC1 responses to a pool of
MUCT peptides (Scheikl-Gatard et al., 2017).

IFNy Elispots of CD8-specific MUCI1 responses from immunized HLA-B*27 mice were
used for a correlation study. Splenocytes from 2 mice were restimulated with 2 MUC1
peptides of different lengths (11-mer and 15-mer) (Figure 5 A), and CD4-depleted
splenocytes from five mice were restimulated with four different MUC1 peptides of
different lengths (9-mer, 10-mer, 11-mer and 15-mer) (Figure 5 B).

Custoscore predictions for affinity of the studied epitopes correlated strongly (R =0.8464;
P = 0.008048) with the CTL responses observed upon restimulation of splenocytes with
two MUCTI peptides (Figure 5 A). However, IC50 values for the same peptides didn’t
negatively correlate with IFNy response values (R =-0.475; P =0.234272).In addition, the
Custoscores of four peptides used to restimulate CD4-depleted splenocytes correlated
strongly (R =0.7985; P =0.005611) with their in-vivo IFNy responses (Figure 5 B). IC50
values of the same peptides also had strongly negative correlation coefficient with the IFNy
response values (R =0.798; P = 0.005663).
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Claims

1. A personalized vaccine for HIV/AIDS or cancer, wherein peptide affinity is predicted
for the candidate vaccine’s HLA Class I and/or Class II antigens.

2. The personalized vaccine as in claim 1, comprising an immune epitope, wherein the
immune epitope has peptide affinity for HLA predicted using an algorithm excluding protein
portions presenting documented immune escape mutations.

3. The personalized vaccine as in claim 2, wherein the algorithm includes predicting
epitopes which are least likely to mutate into peptides with decreased affinity for the candidate
vaccine’s HLA.

4. The personalized vaccine as in claims 2 or 3, wherein candidate peptides are scored
taking into account both parameters set forth in claims 2 and 3.

5. The personalized vaccine as in claim 4, wherein the algorithm includes the affinity of
the potential escape mutants being calculated by the amplitude of the affinity of the theoretical
mutants.

6. A method of providing a set of peptides for use as anti-coronavirus vaccine
comprising the steps:

A) collecting the most prevalent Class Il HLAs within a human population/community,
and

B) conducting predictions for binding of peptides derived from receptor-binding domain
RBD1 and RBD2 regions of SARS Coronavirus-2 (SARS-CoV-2) S-glycoprotein spanning
amino acids 397-437 and 455-492 (ref. Wuhan isolate).

7. The method as set forth in claim 6, further comprising forming a vaccine with the
peptides, wherein the peptides showing high affinity for the prevalent HLA's within the target
population overlap with theoretical or documented neutralizing antibody epitopes.

8. A method for creating personalized vaccines comprising peptides according to any
preceding claims, wherein the vector is a viral vector for expression within the human body or
endogenous dendritic cells cultivated and thereafter pulsed ex vivo with the very peptides.

9. A method for creating personalized vaccines comprising peptides according to any
preceding claims, wherein a suitable vector is virus-like particles (VPLs).

10. A method for creating personalized vaccines comprising peptides according to any
preceding claims, administered with a vaccine adjuvant such as alum and/or another similar

adjuvant.
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11. A method for creating personalized vaccines comprising peptides according to any
preceding claims, administered conjugated to gold nanoparticles.

12. A method for creating personalized vaccines comprising peptides according to any
preceding claims, wherein said peptides are covalently linked through linker peptide sequences
to form a multi-epitope protein.

13. A web tool or software for personalized vaccine design following the algorithm
based on: A) input of an individual/population's nucleic acid sequences (HLA I, HLA I, viral
sequences of interest); B) nucleic acid translation, sequence alignment, consensus amino acid

sequence building; C) epitope predictions and scoring according to any of claims 1 to 5.
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Uniport ID (PODTC2)
Sequence IDs

Sequence string

RBD1 (397-437)

ADSFVIRGDEVRQIAPGQTGKIADYNYKLPDDFTGCVIAWN

RBD2 (455-492)

LFRKSNLKPFERDISTEIYQAGSTPCNGVEGFNCYFPL
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