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Abstract: Little is known about the effect of oncolytic adenovirotherapy on pediatric tumors. Here
we present the clinical case of a refractory neuroblastoma that responded positively to Celyvir
(ICOVIR-5 oncolytic adenovirus delivered by autologous mesenchymal stem cells) for several
months. We analyzed samples during tumor evolution in order to identify molecular and
mutational features that could explain the interactions between treatment and tumor and how the
balance between both of them evolved. We identified a higher adaptive immune infiltration during
stabilized disease compared to progression, and also a higher mutational rate and T-cell receptor
(TCR) diversity during disease progression. Our results indicate an initial active role of the immune
system controlling tumor growth during Celyvir therapy. The tumor eventually escaped from the
control exerted by virotherapy through acquisition of resistance by the tumor microenvironment
that exhausted the initial T cell response.
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1. Introduction

Our group is developing a unique strategy to deliver an oncolytic adenovirus (ICOVIR-5) [1-3]
using autologous bone marrow-derived mesenchymal stem cells (MSC) in repeated intravenous
administration in children and adults with advanced tumors. We named this new advanced therapy
medicine (ATM) Celyvir, and we recently reported results of the first in human, first in children
clinical trial [4,5]. Celyvir is a well-tolerated therapy, with very low or no toxicity, that can produce
clinical responses in some patients, including children with advanced neuroblastoma.

Cancers 2020, 12, 1104; doi:10.3390/cancers12051104 www.mdpi.com/journal/cancers



Cancers 2020, 12, 1104 2 of 19

ICOVIR-5 is an oncolytic adenovirus developed by Dr. Alemany and colleagues [1,2]. ICOVIR-
5 (HAd5-DM-E2F-K-A24-RGD) is derived from human adenovirus serotype 5 (HAd5) and includes
various genetic modifications that render its replication conditioned to the presence of a deregulated
retinoblastoma pathway (pRb pathway) in tumor or malignant cells.

Clinical experiences with oncolytic adenoviruses are scarce [6-8], more so when considering
systemic and repeated administrations like Celyvir. Little is known about important aspects of this
new therapy: Pharmakokinetics (PK) and Pharmakodinamics (PD), capacity for tumor homing and
barriers to reach them, kinetics of antiadenoviral immune responses of patients, among others. We
and others have studied some of these crucial events in preclinical models [1,3,9,10], but we are in
much need for information coming from patients.

Virotherapy is considered a form of immunotherapy [11-14] and so another important aspect of
oncolytic adenoviruses in the clinical setting is to understand how viral replication in tumors might
activate an antitumor immune response, how therapy coexists with the antiviral immune response,
what impact therapy has on tumor immunology, including tumor infiltrating immune cells and the
tumor microenvironment.

One patient with metastatic and refractory neuroblastoma was eligible for this study. The
patient—aged 10—presented a neuroblastoma resistant to three lines of previous therapy (COJEC, E-
SIOP, HR-NBL). Then the patient received Celyvir as sole therapy and showed an exceptional lasting
response. We obtained biopsies of the primary tumor 4 and 20 months after initiating Celyvir therapy,
when the disease was stabilized and eventually progressing, respectively. Clinical details of the
patient were previously reported [4].

Outlier survivors of incurable cancers may offer unmatched opportunities for uncovering
biological information of the disease that may help in designing better treatments for regular patients
[15,16]. We present here results of a multi-omic analysis of primary tumor samples obtained at
disease stabilization during oncolytic adenoviral therapy and at final tumor progression. Our study
may help in understanding the process of tumor escape from the initial control exerted by adenovirus
virotherapy.

2. Results

2.1. The Landscape of Infiltrating Immune Cells during Tumor Evolution under Oncolytic Virotherapy

We initially reported results of a cohort of patients with relapsed-refractory neuroblastoma that
received weekly infusions of bone marrow-derived autologous mesenchymal cells carrying an
oncolytic adenovirus as only therapy. Here we present an in-depth characterization of the patient
that received the maximum doses of oncolytic virus (70 doses) [4].

RNA-Seq data obtained from tumor samples at disease stabilization during therapy and at final
disease progression were analyzed using different algorithms, in order to ascertain biological
characteristics of tumor evolution during oncolytic virotherapy pressure. Presence of infiltrating
stromal/immune cells in tumor tissues was evaluated using ESTIMATE (Estimation of STromal and
Immune cells in MAlignant Tumor tissues using Expression data) [17]. Major differences were found
between immune score (p =0.0025) and stroma score (p = 0.06, Figure 1A) at both stages of the disease.
We found the stabilized disease was more infiltrated by immune cells compared to progression stage.
Also, the Immunophenoscore, a measure of the overall immunogenicity of the tumor, was higher in
stabilization than in progression (p = 0.0005, Figure 1B). Next, MCPcounter software
(https://omictools.com/mcp-counter-tool) was used to obtain information about specific cell lineages
infiltration. A predominance of B lymphocytes (score 3.5 vs. 0.5; p = 0.0000003), T lymphocytes (score
2.2 vs. 1.8; p =0,0007), CD8 T cells (score 3 vs. 2.8; p = 0.0313), NK lymphocytes (score 0.6 vs. 0.55; p =
0.0241) and myeloid dendritic cells (score 1.8 vs. 1.1; p = 0,0002) was observed during stabilization. In
contrast, monocytes were significantly more abundant during progression (score 3.2 vs. 2.9; p =
0,0005) compared to stable disease. Scores for endothelial cells and fibroblasts were lower at
progression compared to stable disease (Figure 1C). The estimation of immune populations was also
done using the QuanTIseq algorithm [18]. QuanTIseq analysis confirmed the presence of significantly
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more B cells (p = 0.011), dendritic cells (p = 0.024), NK cells (p = 0.026), and T lymphocytes (p < 0.05)
during stabilization compared to progression. QuanTIseq also showed significantly higher
abundance of M2 macrophages (p = 0.023) and a trend towards higher abundance of Tregs (p = 0.069)
during stabilization, classically associated to a less inflamed and more protumoral tumor
microenvironment (Supplementary Figure S1). We next estimated the relative abundance of 22
immune cell subtypes in each sample by CIBERSORT [19]. We identified B lymphocytes (naive B cells
and memory B cells) as the dominant population during disease stabilization. T CD4 memory
predominated over CD8 within tumor infiltrating T lymphocytes (TILs) at that time, while M2
macrophages were the principal subpopulation among myeloid cells. During disease progression
plasma cells appeared as the main component of B lymphocytes, while CD8 predominated over CD4
among TILs. Activated NK lymphocytes also appeared more represented at this time, while M2
macrophages predominated among the myeloid compartment, with increasing proportions of M0
and M1 macrophages (Figure 1D). In summary, the results of all analysis showed that a higher
infiltration and activity of cells of the adaptive immunity dominated the immune landscape during
oncolytic stabilization of the disease, evolving towards a more prominent presence of cells of the
innate immunity when the tumor eventually progressed out of the control of the oncovirus therapy
(Figure 1E).

We observed the significant higher presence of B lymphocytes in stabilized state compared to
progression state (Figure 1C). However, distinct B lymphocytes subpopulations were
overrepresented in both tumor samples when analyzed with CIBERSORT tool (Figure 1D). Naive B
cells were the most abundant population during stabilization, followed by memory B cells, whereas
plasma cells were the only B cell subpopulation represented during progression. B cells played an
active role during all disease stages, though we did not perform more deep analysis for these
lymphocytes and we focused our analysis in T lymphocytes, more representative in previous
literature. However, we find these results very interesting for future considerations regarding tumor
infiltrating leukocytes studies.

We interrogated the data set to investigate changes in the profile of chemokine expression during
tumor evolution that might correlated with the differences found in the immune cell infiltration
already described. We found significantly higher expression of genes related to B lymphocytes
chemotaxis (CCL [C-C motif Ligand]19, CCL21, CXCL [C-X-C motif) ligand]12, and CXCL13) during
disease stabilization. Known lymphocytes (CCL19, CCL20, CCL21, and CCL22) and DCs (CXCL12)
chemokines were also expressed at significantly higher levels at disease stabilization, while
chemokines that recruit myeloid cells (CCL3, CCL4, CCL5), Treg (CCL4) and activated T
lymphocytes (CXCL9, CXCL10, and CXCL11) were expressed at significantly higher levels during
tumor progression (Figure 2).
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Figure 1. Immune cell estimation in tumor samples. (A) ESTIMATE (Estimation of STromal and
Immune cells in MAlignant Tumor tissues using Expression data) graphs showed significant higher

values of immune cells (p =0.0025) were found in stabilized disease compared to progression, whereas
no significant differences in stromal component were found between both samples (p = 0.061). (B)
Immunophenoscore also showed higher number of immune cells during stabilization. (C)

MCPcounter graphs showed the abundance of distinct immune subpopulations in both tumor

samples. (D) CIBERSORT showed the proportions of distinct immune cell subpopulations. (E) Graphs

of the main immune component of each sample.
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Figure 2. Heatmap showed correlations and abundance of distinct sets of chemokines at different
stages of the disease. Chemokines related to lymphocytes, dendritic cells, and neutrophils were
overrepresented during stabilization stage. However, chemokines related to both activated T cells
and myeloid cells appeared to have a higher representation during progression.

2.2. Tumor Infiltrating T Lymphocytes during Tumor Evolution

We next focused our analysis on tumor infiltrating T lymphocytes, a population containing
antitumor T cells. Deep sequencing of T-cell receptor (TCR)beta chain gene analysis showed higher
numbers of clonal rearrangements coming from the tumor sample obtained during the final
progression of the disease (Figure 3A). In addition, the relative frequencies of the 10 most abundant
rearrangements related to the pool of sequences were also higher during tumor progression
(Supplementary Table S1). This suggests a more diverse TIL infiltration during disease evolution with
fewer clones dominating the TIL landscape at the time of progression. Fifty percent of the 10 most
abundant rearrangements found at the time of disease stabilization remained during progression. In
total, 8% of the sequences present during stable disease also appeared in the tumor during
progression, indicating the persistent infiltration by the same T cell clones (Figure 3B).
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Figure 3. T-cell receptor (TCR) profile at both stages of the disease. (A) Total number of clonal
rearrangements was higher during progression (M6) compared to stabilization (M7). Some of the
rearrangements (414) were shared between both stages. (B) The abundance of rearrangements was
higher during progression. Of these total number of rearrangements, 496 were present at both stages
of the disease.

We analyzed the expression levels of genes related to T lymphocyte activation. T lymphocytes
expressed higher levels of granzymes (GZMA, GZMB) and perforin (PRF1) genes (Figure 4A) at the
time of progression, as well as markers associated to chronic activation (HAVCR2, LAGS3, and TIGIT)
(Figure 4B). We validated these findings by quantitative PCR for the T cell receptors related to T cell
exhaustion (HAVCR2/TIM3, LAG3, and PD1), and the two most common ligands for each of them
(HMGB1 and CEACAM; HLA-DR and LSECTIN; and PDL1 and PDL2, respectively), as well as the
three known isoforms of TGEB (TGFB1, TGFB2, and TGFB3). The results indicated that the
microenvironment during tumor progression showed significantly higher expression levels for the
ligands of the PD1 receptor (PDL1 and PDL2) compared to previous tumor stabilization status. LAG3
receptor was also significantly overexpressed in progression, but its two ligands (HLA-DR and
LSECTIN) were significantly downregulated (Figure 4C). Therefore, tumor infiltrating T
lymphocytes during progression showed higher expression of receptors related to T cell exhaustion
in a tumor microenvironment that provided higher levels of the corresponding ligands.
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Figure 4. T lymphocytes activation / state phenotype was studied. (A) Granzimes and perforins

showed an increased presence during progression stage, indicating a more activated T lymphocyte
phenotype. (B) Exhaustion markers for T lymphocytes were also increased during progression. (C)
Molecules associated to T cell exhaustion and immunosurveillance were analyzed by qPCR in both

samples. Bars represent gene expression at the time of clinical progression. The result was normalized
to the values of the sample corresponding to clinical stabilization (* p < 0.05). Fold change indicated

how many times gene expression was higher/lower during progression compared to stabilization.
During progression, exhaustion markers TIM3 (HAVCR2), LAG3, and PD1 were significantly

overexpressed.

We also analyzed the genetic and molecular programs activated during disease using GSVA
(Gene Set Variation Analysis). We found caspase/apoptosis pathways and cell cycle activation were
higher during stabilization (Supplementary Figure S2).
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2.3. Mutational and Neoepitope Landscape during Tumor Evolution

We next interrogated our WES data sets to find out variations in the sequence of each tumor
sample, looking for the mutational landscape. The total number of sequence variations found at
progression was higher than those detected during disease stabilization, 169 versus 101. Overall, a
total of 55 single nucleotide variations were common to both samples (Figure 5A). CONDEL software
[20] was used to identify genetic mutations with a putative functional impact. Table 1 lists mutations
identified in the sample corresponding to tumor progression that were absent during stabilization.

Table 1. List of mutations predicted by CONDEL for progression stage.

Gene Description
IFT140 Intraflagellar transport 140
DNASE1 Deoxyribonuclease 1
DNAH9 Dynein axonemal heavy chain 9
GALNT15 Polypeptide N-acetylgalactosaminyltransferase 15
ZNF98 Zinc finger protein 98
GABBR1 Gamma-aminobutyric acid type B receptor subunit 1
KIAA0391 KIAA0391
MIPOL1 Mirror-image polydactyly 1
RYR1 Ryanodine receptor 1
UCHL1 Ubiquitin C-terminal hydrolase L1
EML2 Echinoderm microtubule associated protein like 2
CELSR3 Cadherin EGF LAG seven-pass G-type receptor 3
ABHD?2 Abhydrolase domain containing 2
RIPK?2 Receptor interacting serine/threonine kinase 2
IQGAP1 IQ motif containing GTPase activating protein 1
VWA3B Von Willebrand factor A domain containing 3B
AGL Amylo-alpha-1, 6-glucosidase, 4-alpha-glucanotransferase
PABPC1 Poly(A) binding protein cytoplasmic 1
SLK STE20 like kinase
ALDH?2 Aldehyde dehydrogenase 2 family (mitochondrial)
GLE1 GLE1, RNA export mediator
LRP1B LDL receptor related protein 1B
TRPV6 Transient receptor potential cation channel subfamily V member 6
ASICS Acid sensing ion channel subunit family member 5
SI Sucrase-isomaltase
CREGI1 Cellular repressor of E1A stimulated genes 1
PSMD1 Proteasome 26S subunit, non-ATPase 1

COSMIC (Catalog of Somatic Mutations in Cancer) mutational signatures was inferred from
WES data. Results indicated the unique and common genetic signatures for each sample, as well as
their relative frequencies (Figure 5B, Table 2). Data was extrapolated from the abundance of each base
(A, T, G, or C) in the genome of each sample (Figure 5C). There was greater signature variability
during stabilization compared to progression state. However, relative signature abundances of the
progression are greater (especially patent in signature 24). Of special interest were two of the
signatures identified: Signature 18, which is classically associated with neuroblastoma and appears
during the progression of the disease, and signature 2, which appears during stabilization state and
is associated to a wide variety of cancers, and was related to the activation of AID/APOBEC
deaminase.
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Table 2. Mutational signatures detected in both tumor samples after quantification of DNA bases.
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Signature Percentage Signature Percentage
Signature 5 19.1928% Signature 24 40.5295%
Signature 29 16.4542% Signature 18 20.1733%
Signature 4 15.7368% Signature 4 15.8887%
Signature 24 13.4168% Signature 6 13.7232%
Signature 15 10.7573% Signature 12 6.8523%
Signature 18 7.0359% Signature 20 1.9288%
Signature 2 5.6384% Signature 11 0.9041%
Signature 6 5.289%
Signature 23 3.6131%
Signature 21 2.8656%
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Figure 5. Mutational studies of both tumor samples. (A) Total number of mutations was higher during
progression. (B) Diagrams showing the presence of different mutational signatures associated to
different types of cancer in both tumor samples. (C) Diagrams showing the abundance of each base
pair for both tumor samples. This distribution allowed to know the mutational signatures described

in B.
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Regarding common mutations in neuroblastoma, both tumors at time of stabilization and
progression harbored ATRX mutation. We used NetMHC [21,22] to predict neoepitopes based on the
presence of single nucleotide variants (SNVs) detected in each tumor sample and patient's human
leukocyte antigen (HLA). This analysis revealed a higher neoepitope candidate load in the tumor at
progression compared to that during stable disease, 18 versus 5. Interestingly, all 5 candidates found
during disease stabilization were also detected at progression. (Table 3 and Table 4).

Table 3. Detailed predicted neoepitopes in both stages of the disease. Predicted neoepitopes in
stabilized disease.

Number of Ti
Identity (Protein the Peptide Comes umoer ot Times

from) Identity App'ears in Description
Analysis
ASICS 5 Acid Sensmg Ion Channel Subunit
Family Member 5
YLPM1 1 YLP Motif Containing
SLC38A1 1 Solute Carrier Family 38 Member 1
HMGB3 1 High Mobility Group Box 3
Table 4. Predicted neoepitopes in progression disease.
Identity (Protein the Number of Times Identity ..
. . . Description
Peptide Comes From) Appears in Analysis
OR2M?2 5 Olfactory Receptor Family 2 Subfamily M
Member 2
UCHL1 1 Ubiquitin C-Terminal Hydrolase L1
ASIC5 3 Acid Sensing Ion Channel Subunit Family
Member 5
YLPM1 1 YLP Motif Containing
ZNF98 1 Zinc Finger Protein 98
Amylo-Alpha-1, 6-Glucosidase, 4-Alpha-
AGL 1
Glucanotransferase
GHRL 2 Ghrelin and Obestatin Prepropeptide
GALNTI5 5 Polypeptlde N-
Acetylgalactosaminyltransferase 15
CELSR3 1 Cadherin EGF LAG Seven-Pass G-Type
Receptor 3
UCHL1 2 Ubiquitin C-Terminal Hydrolase L1
SLC38A1 1 Solute Carrier Family 38 Member 1
HMGB3 1 High Mobility Group Box 3

Once identified neoepitope candidates, we studied the integrity of genes related to antigen
processing and presentation. RNA-Seq analysis showed no deficit in the expression of antigen
processing and presentation. In fact, expression of most of these genes was higher at progression
compared to stabilized disease (Figure 6). These results suggest that the neoepitopes could be
expressed in HLA molecules at any time during tumor evolution.
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Figure 6. Gene expression of molecules related to antigen presentation and processing, including
HLA molecules.

3. Discussion

We present here genomic studies of tumor samples at different moments during systemic
virotherapy in a case of refractory neuroblastoma. The patient may be classified as outlier based on
her clinical outcome; she survived for 22 months with metastatic neuroblastoma refractory to 3 lines
of therapy, receiving oncolytic virotherapy as sole treatment. Although limited for coming from a
single case and the lack of functional validation, the information may help in understanding the
process of tumor escape from the control exerted by virotherapy, for which scant information
currently exists [23,24]. The snapshots taken at two different time points of the evolution of this tumor
showed striking differences that corresponded to different biological behavior and clinical responses.
Both tumor cells and infiltrating immune ones transited from disease stabilization to progression by
accumulating changes in many aspects of their biology.

We did not find evidence that virotherapy exerted significant tumor lytic effect during disease
stabilization. We do not have data on the antiadenoviral antibody titers for the patient, therefore we
ignore the effects of a likely immune response against the oncolytic adenovirus. However, we have
previously shown in mouse [25] and in dogs [26] treated with species-specific oncolytic adenoviruses
that the presence of a humoral immune response does not prevent the antitumor effect of the virus.
Detection of adenovirus in tumor samples by highly sensitive real-time PCR showed minimum
amount of virus at both time (data not shown). All measurable tumor was detectable at any time from
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starting virotherapy. As already commented in a first report [4], neuroblastoma cells were mainly in
a quiescent state during disease stabilization, with no signs of tumor lysis. We show here that the
presence of more proliferative tumor cells at progression was associated with higher numbers of
genetic alterations in the tumor genome at that time. One third of these mutations were already
present during stabilization, when they contributed to more than half of the total mutational burden.
Acquisitions of new mutations during disease progression are expected in the context of an active
neoplasia that maintained the intrinsic genetic instability of human tumor cells [27-31]. Among all
mutated genes identified only at progression, CREG1 (Cellular repressor of E1A stimulated genes 1) is
particularly attractive as a candidate for validation because it represses the activity of the adenovirus
E1A protein, and also controls the activation and repression of pathways that induce proliferation
and inhibit differentiation [32-34].

In parallel, the total number of possible neoantigens was higher comparing progressive tumor
to stabilized one. Expression of these putative neoepitopes was confirmed at transcription level.
Moreover, genes related to antigen processing and presentation appeared unaffected in any sample,
in fact we detected higher level of expression in the sample corresponding to tumor progression.
Therefore, it seems likely that tumor associated antigens could be efficiently presented to cells of the
adaptive immune branch at any time during disease evolution.

Analysis of gene data sets with different algorithms estimated a decreasing proportion of tumor
infiltrating immune cells from disease stabilization to progressing tumor. More important than
changes in the relative number of immune cells, the contribution of individual subpopulations also
varied with time. Cells of the adaptive immune system dominated the immune infiltration landscape
during oncolytic stabilization of the disease, evolving towards a more prominent innate immunity
when the tumor eventually progressed out of the control of the oncoadenovirus therapy. The
presence of the major immune cell populations also corresponded to the chemokine profiles
responsible for their recruitment, as was the case with those related to B lymphocytes and dendritic
cells at the time of disease stabilization [35,36].

CIBERSORT analysis showed that M2 were the most frequent subtype among macrophages at
both time points, however, during progression the subpopulations of non-polarized and M1-
polarized macrophages increased compared to stable disease. This change suggests an increased
recruitment of uncommitted macrophages to the tumor mass during tumor progression, with
eventual differentiation towards M1 and, predominantly, M2 subtypes. All these myeloid cell
populations have been related to a more pro-tumoral environment [37-40].

Within the infiltrating T lymphocytes, we found more diversity of TCRs at time of tumor
progression than during stabilization. Fewer clonal TCR rearrangements dominated among total
TCRs at the end compared to the previous stage. The most frequent TCR rearrangements found
during stable disease were also detected at the end stage. Since we could not do functional studies to
assess the presence of tumor reactive T lymphocytes, we do not know the reactivity of these TCR
clone sequences. It has been reported that many non-tumor-specific T lymphocytes infiltrate human
tumors [41,42], so we cannot conclude that the wider variety of TCRs found in the progressing tumor
correspond to higher antitumor infiltrating T cells. It is worth noticing though that higher mutational
and neoepitopes load during tumor evolution were associated to a greater variety of TCRs, even in a
shrinking population of TILs. Furthermore, TCR diversity in tumor tissue could be associated to poor
prognosis in some cases [43,44]. The chemokine environment showed enrichment in molecules
related to the recruitment of activated T lymphocytes during progression. We found that granzymes
and perforins were more abundant during disease progression compared to stabilization stage. These
cytolytic effector molecules are associated to T cell and NK cell cytolytic activity [45-47]. T
lymphocytes that infiltrated the tumor in the final phase of the disease showed higher expression
levels of chronic activation markers (PD1, LAG3) [48,49], while ligands for PD1 were significantly
overexpressed in the tumor microenvironment at progression. This suggests that despite immune
infiltration by T lymphocytes, intratumor conditions at progression favored T cell exhaustion [50-52].
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Marked decrease in the B cell compartment from stabilized to progressing tumor was also seen,
suggesting that B lymphocytes could have also participated in tumor control through production of
antibodies and complement cascade, or recruiting DC through CXCL12 secretion [53,54].

In summary, oncolytic adenoviral therapy could not eliminate the tumor in our patient but
certainly exerted some control over it and prevented its progression for an exceptional long period
through immune-related mechanisms. Repeated administration of oncolytic virotherapy initially
induced local immune infiltrates dominated by adaptive cells, and the patient obtained the
stabilization of a, so far, refractory disease. The pressure exerted by therapy along time eventually
selected the acquisitions of resistance mechanisms such as recruitment of myeloid cells into the tumor
microenvironment and upregulation of T cell exhaustion inducing molecules. In order to improve
results and prevent tumor escape, we foresee the combination of Celyvir with additional synergistic
strategies: Radiotherapy (enhances MSCs into irradiated areas [55]), chemotherapies that do not
cause lymphodepletion [56], or the use of checkpoint inhibitors, as it has already been reported in
patients with melanoma treated with oncolytic virotherapy [57].

4. Materials and Methods

4.1. Patient’s Samples.

Fresh tumor samples were obtained from surgery in two different moments of disease stage and
tumor development. The first biopsy was obtained when the patient still responded to oncolytic
virotherapy treatment (stabilization sample), while the second one was obtained during disease
progression (progression sample). Both of them were stored at -80 °C until their processing for this
study. From each sample we isolated RNA and DNA separately.

4.2. gDNA Isolation and Quantification.

For gDNA isolation, we used Qiamp DNA Mini Kit (Qiagen, Hilden, Germany). Three samples
were processed to obtain gDNA. Stabilization sample, progression sample, and control sample.
Stabilization and progression samples corresponded to response to treatment and progression
disease, respectively. Control sample consisted on healthy mesenchymal stem cells (MSC) from the
patient. Tissues or cells were digested with Proteinase K and then processed with reagents from the
kit. gDNA was measured using Thermo Scientific NanoDrop 1000 spectrophotometer (Thermo
Fisher Scientific, Wilmington, DE, USA). Total gDNA form each sample was diluted in DNAse free
water and sent to Sistemas Genoémicos S.L. (Valencia, Spain) to perform Next Generation Sequencing
(NGS) studies.

4.3. Whole Exome Sequencing (WES): Variant Calling and Mutational Signatures.

WES data was analyzed according to GATK  best-practices  guidelines
(https://www .broadinstitute.org/gatk/)[58]. FastQC software
(https://www .bioinformatics.babraham.ac.uk/projects/fastqc/) was used to assess reads quality.
Trimmomatic software was used to make a trimming of the first and second base, due to bad quality.
Then, reads were mapped over reference human genome (hg19/GRCh38) using BWA MEM tool [59].
A base recalibration realignment and a removal of duplicates were done using Picard. Variant calling
was done with Mutectl software (https://software.broadinstitute.org/cancer/cga/mutect), using a
normal paired sample as a reference to filter polymorphisms. Variants with frequency >10 and DP >
20  were selected and annotated  using = Annovar  software (https://doc-
openbio.readthedocs.io/projects/annovar/en/latest/). The contribution of COSMIC [60] mutational
signatures was calculated with the R package deconstructSigs (https://cran.r-
project.org/web/packages/deconstructSigs/index.html). Detailed and complete list of each different
genetic signatures can be consulted online (https://cancer.sanger.ac.uk/cosmic/signatures_v2). In this
case, the study focused on analyzing each signature of those present in the patient’s tumor tissues.
Total mutation burden was estimated by considering single nucleotide variants (SNV) from exonic
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regions. The pathogenicity of the identified missense variants was analyzed by using the
metapredictor CONDEL [20].

4.4. T-Cell Receptor (TCR) Sequencing.

TCR Sequencing was performed with immunoSEQ Assay by Adaptive Technologies
(adaptivebiotech.com). Their sequencing protocols are based in a multiplex PCR amplification
directly from genomic DNA, which allow to sequence and identify CDR3 chains highly represented
in the population of T cells found in the sample. The full protocol was developed by Carlson and
colleagues [61]. Graphs were generated using immunoSEQ Analyzer.

4.5. Neoantigen Prediction

SNV annotated as missense were used for epitope prediction purposes. To do this, human
FASTA sequences extracted from UniProt were used to translate information about DNA missense
mutations into an amino acid change level (only isoforms 1 were taken into account). For each
missense mutation, a sequence of 19-amino acids centered on the mutation were analyzed for
potential neoantigens. NetMHCCons was used to infer putative immunogenic peptides (19 aa; 9 mer)
combining information about HLAs patient’ genotype and peptides harboring missense mutations.
An immunogenic epitope was defined as a mutated peptide with high affinity for one HLA allele
IC50 < 50nM.

4.6. RNA Isolation and Quantification.

Both samples were minced using a Tissue Homogenizer (VDI 12, VWR International Ltd,
Leicestershire, England, UK) and tissue RNA isolation was performed using RNeasy Plus Mini Kit
(Qiagen) which includes genomic DNA elimination columns. RNA was quantified with Thermo
Scientific NanoDrop 1000 spectrophotometer (absorbance at 260 nm and the ratio of 260/280 and
260/230). Aliquots of 5 ug of total RNA were prepared to send in a final volume of 50 uL of RNAse
free water. Both samples were sent to Biotechvana (Parque Cientifico de Madrid, Spain) for its
analysis.

4.7. RNA-Seq Analysis: Expression Matrix, Differentially Expressed Genes, and Functional Analysis.

Samples were processed by Biotechvana company and studies were performed in Unit of
Biomarkers and Susceptibility (ICO-Idibell).

From each sample we obtained 3 technical replicates to work with (6 libraries from 2 samples in
total). FastQC software was used to assess reads quality. To remove Illumina adaptors, a trimming
of these sequences was done using Trimmomatic software. Then, reads were mapped over reference
human genome (hg19/GRCh38) using STAR tool [62]. An annotation file in GTF format (downloaded
from the UCSC Table Browser, using RefSeq [63] genes table including 23,687 genes and 41,970
transcript isoforms were used for the indexing step. Finally, RSEM tool [64] was used over aligned
reads (BAM files) to extract a matrix of gene expression in terms of FPKM (Fragments per Kilobase
per Million mapped fragments). We filter not expressed genes and finally we performed a TMM
(trimmed mean of M-values) normalization to reduce variability across samples.

To identify differentially expressed genes (DEG) between the two conditions, a linear model was
fitted using the R package Limma [65]. A list of DEG with p-value < 0.01 and logFC > 1 was extracted.

Then, the Gene Set Enrichment analysis (GSEA) algorithm [66] was used to identify enrichment
in specific cellular functions and pathways.

4.8. Immune Profile Analysis

To analyze which immune populations were most abundant in each analyzed sample we used
a variety of algorithms optimized for deconvolution of immune cell-types from RNA-Seq data.
Tumor purity, stromal, and immune status were estimated using the R packages ESTIMATE [17] and
Immunophenoscore [67]. RNA-Seq analysis data was used to obtain the three scores of ESTIMATE
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that give us idea of tumor purity and immune infiltration: stromal score (quantifies the presence of
stroma in tumor tissue); immune score (that represents the infiltration of immune cells in tumor
tissue) and estimate score (infers tumor purity). Immunophenoscore was then used to calculate the
immune state of the samples.

Next, proportion of immune cell infiltration were calculated with QuanTIseq [18], CIBERSORT
[19] and MCPcounter [68]. The online version of CIBERSORT
(https://cibersort.stanford.edu/index.php) is able to analyze which immune populations are related
to overexpressed genes obtained through RNA-Seq analysis. We crossed our RNA-Seq data from
each sample with pre-settled LM22 leucocyte gene signature matrix.

To obtain a more detailed picture of immune cell-types infiltration, R package MCPcounter was
used. MCP-counter (Microenvironment Cell Populations-counter) is a deconvolution method for
quantification of immune cell’s relative abundances in heterogeneous tissues using marker genes.
Nine different cell types were interrogated (T cells, Cytotoxic T cells, NK cells, B lineage, monocytic
lineage, myeloid dendritic cells, neutrophils, endothelial cells, and fibroblasts). Results obtained were
validated by the analysis with QuanTIseq, which performs an absolute quantification of cell types in
the samples.

To analyze which immune populations were most abundant in each analyzed sample we used
CIBERSORT. This online tool (https://cibersort.stanford.edu/index.php) [19] is able to analyze which
immune populations are related to overexpressed genes obtained through RNA-Seq analysis. We
crossed our RNA-Seq data from each sample with pre-settled LM22 leucocyte gene signature matrix.
Obtained data is discussed on Results section.

4.9. GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data

Chemokine profiles from each different sample were inferred through Gene Set Variation
Analysis (GSVA) algorithm [69].

4.10. Statistical Analysis

For all the obtained scores, assumptions of normality and homoscedasticity were interrogated,
and all comparisons between variables were analyzed using non-parametric tests (Wilcoxon test). For
all tests applied, differences were considered significant when p-value < 0.05.

5. Conclusions

Extensive analysis of omic information obtained from samples gathered during the evolution of
a neuroblastoma treated with oncolytic adenovirus helped in understanding the mechanisms of
tumor escape from the control initially contributed by virotherapy. Tumor progression eventually
selected the acquisitions of resistance mechanisms including recruitment of myeloid cells into the
tumor microenvironment and upregulation of T cell exhaustion inducing molecules.

Supplementary Materials: The following are available online at www.mdpi.com/2072-6694/12/5/1104/s1, Figure
S1: Immune phenotypes predicted by QuanTIseq for both disease stages; Figure S2: Genomic and molecular
pathways and processes related to apoptosis and cell cycle for both disease stages, Table S1: Ten most common
rearrangements for each tumor sample.

Author Contributions: Conceptualization, L.F.-L., D.R., AL, LM., A.G.-M. and M.R,; Data curation, 5S.G.-M.
and R.S.-P.; Formal analysis, L.F.L.,, S.G.-M. and R.S.-P.; Funding acquisition, M.R.; Investigation, L.F.-L.;
Methodology, L.F.-L., S.G.-M., R.S.-P. and G.M.; Software, S.G.-M. and R.S.-P.; Supervision, R.S.-P. and M.R;
Validation, L.F.-L.; Visualization, S.G.-M.; Writing—original draft, L.F.-L.; Writing—review and editing, L.F.L.,
S.G.-M,, R.S.-P. and M.R. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Instituto de Salud Carlos III, grant number PI13/02487 and PI16/02008.
The APC was funded by Asociaciéon Pablo Ugarte, Asociacion NEN and Fundacién Neuroblastoma.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.



Cancers 2020, 12, 1104 16 of 19

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Cascallo, M.; Alonso, M.M.; Rojas, ].J.; Perez-Gimenez, A.; Fueyo, ].; Alemany, R. Systemic toxicity-efficacy
profile of ICOVIR-5, a potent and selective oncolytic adenovirus based on the pRB pathway. Mol. Ther. ].
Am. Soc. Gene Ther. 2007, 15, 1607-1615, doi:10.1038/sj.mt.6300239.

Alonso, M.M.; Cascallo, M.; Gomez-Manzano, C.; Jiang, H.; Bekele, B.N.; Perez-Gimenez, A.; Lang, F.F.;
Piao, Y.; Alemany, R.; Fueyo, J. ICOVIR-5 shows E2F1 addiction and potent antiglioma effect in vivo. Cancer
Res. 2007, 67, 8255-8263, d0i:10.1158/0008-5472.CAN-06-4675.

Garcia-Castro, J.; Alemany, R.; Cascallo, M.; Martinez-Quintanilla, J.; Arriero M del, M.; Lassaletta, A.;
Madero, L.; Ramirez, M. Treatment of metastatic neuroblastoma with systemic oncolytic virotherapy
delivered by autologous mesenchymal stem cells: An exploratory study. Cancer Gene Ther. 2010, 17, 476~
483, doi:10.1038/cgt.2010.4.

Melen, G.J.; Franco-Luzoén, L.; Ruano, D.; Gonzalez-Murillo, A.; Alfranca, A.; Casco, F.; Lassaletta, A.;
Alonso, M.; Madero, L.; Alemany, R.; Garcia-Castro, J.; Ramirez, M. Influence of carrier cells on the clinical
outcome of children with neuroblastoma treated with high dose of oncolytic adenovirus delivered in
mesenchymal stem cells. Cancer Lett. 2016, 371, 161-170, d0i:10.1016/j.canlet.2015.11.036.

Ruano, D.; Lopez-Martin, J.A.; Moreno, L.; Lassaletta, A.; Bautista, F.; Andién, M.; Hernandez, C.;
Gonzalez-Murillo, A, Melen, G.; Alemany, R.; Madero, L.; Garcia-Castro, J.; et al. First-in-Human, First-in-
Child Trial of Autologous MSCs Carrying the Oncolytic Virus Icovir-5 in Patients with Advanced Tumors.
Mol. Ther. . Am. Soc. Gene Ther. 2020, 28, 1033-1042, doi:10.1016/j.ymthe.2020.01.019.

Cattaneo, R.; Russell, S.J. How to develop viruses into anticancer weapons. PLoS Pathog. 2017, 13, e1006190,
doi:10.1371/journal.ppat.1006190.

Conry, R.M.; Westbrook, B.; McKee, S.; Norwood, T.G. Talimogene laherparepvec: First in class oncolytic
virotherapy. Hum. Vaccines Immunother. 2018, 14, 839-846, doi:10.1080/21645515.2017.1412896.

Kaufman, H.L.; Bommareddy, P.K. Two roads for oncolytic immunotherapy development. ]. Immunother.
Cancer 2019, 7, 26, d0i:10.1186/s40425-019-0515-2.

Fountzilas, C.; Patel, S.; Mahalingam, D. Review: Oncolytic virotherapy, updates and future directions.
Oncotarget 2017, 8, 102617-102639, doi:10.18632/oncotarget.18309.

Lundstrom, K. New frontiers in oncolytic viruses: Optimizing and selecting for virus strains with improved
efficacy. Biol. Targets Ther. 2018, 12, 43-60, doi:10.2147/BTT.S5140114.

Lichty, B.D.; Breitbach, C.J.; Stojdl, D.F.; Bell, ].C. Going viral with cancer immunotherapy. Nat. Rev. Cancer
2014, 14, 559-567, d0i:10.1038/nrc3770.

Kaufman, H.L.; Kohlhapp, F.J.; Zloza, A. Oncolytic viruses: A new class of immunotherapy drugs. Nat. Rev.
Drug Discov. 2015, 14, 642-662, doi:10.1038/nrd4663.

Achard, C,; Surendran, A.; Wedge, M.-E.; Ungerechts, G.; Bell, J.; Ilkow, C.S. Lighting a Fire in the Tumor
Microenvironment  Using  Oncolytic Immunotherapy. EBioMedicine 2018, 31, 17-24,
doi:10.1016/j.ebiom.2018.04.020.

Marelli, G.; Howells, A.; Lemoine, N.R.; Wang, Y. Oncolytic Viral Therapy and the Immune System: A
Double-Edged Sword Against Cancer. Front. Immunol. 2018, 9, 866, doi:10.3389/fimmu.2018.00866.

Jung, K.; Bilusic, M.; Pei, |.; Slifker, M.; Zhou, Y.; Flieder, D.B.; Gray, P.; Plimack, E.R. Molecular profiling
of cancer outliers. J. Clin. Oncol. 2017, 35, e13025-e13025, doi:10.1200/JCO.2017.35.15_suppl.e13025.
LeVasseur, N.; Csizmok, V.; Bonakdar, M.; Shen, Y.; Zibrik, L.; Zhao, E.Y.; Sun, S.; Gelmon, K.A.; Laskin,
J.J.; Marra, M.A,; et al. Whole transcriptome sequencing in metastatic cancer: A review of expression
outliers in 113 metastatic breast cancer patients. J. Clin. Oncol. 2019, 37, 3080-3080,
do0i:10.1200/JC0O.2019.37.15_suppl.3080.

Yoshihara, K.; Shahmoradgoli, M.; Martinez, E.; Vegesna, R.; Kim, H.; Torres-Garcia, W.; Trevifio, V.; Shen,
H.; Laird, P.W,; Levine, D.A.; et al. Inferring tumour purity and stromal and immune cell admixture from
expression data. Nat. Commun. 2013, 4, 2612, doi:10.1038/ncomms3612.

Finotello, F.; Mayer, C.; Plattner, C.; Laschober, G.; Rieder, D.; Hackl, H.; Krogsdam, A.; Loncova, Z.; Posch,
W.; Wilflingseder, D.; et al. Molecular and pharmacological modulators of the tumor immune contexture
revealed by deconvolution of RNA-seq data. Genome Med. 2019, 11, 34, doi:10.1186/s13073-019-0638-6.
Newman, A.M.; Liu, C.L.; Green, M.R; Gentles, A.J.; Feng, W.; Xu, Y.; Hoang, C.D.; Diehn, M.; Alizadeh,
A.A. Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 2015, 12, 453-457,
doi:10.1038/nmeth.3337.



Cancers 2020, 12, 1104 17 of 19

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

Gonzalez-Pérez, A.; Lopez-Bigas, N. Improving the assessment of the outcome of nonsynonymous SNVs
with a consensus deleteriousness score, Condel. Am. |]. Hum. Genet. 2011, 88, 440-449,
doi:10.1016/j.ajhg.2011.03.004.

Nielsen, M.; Lundegaard, C.; Worning, P.; Lauemoller, S.L.; Lamberth, K.; Buus, S.; Brunak, S.; Lund, O.
Reliable prediction of T-cell epitopes using neural networks with novel sequence representations. Protein
Sci. 2003, 12, 1007-1017, doi:10.1110/ps.0239403.

Andreatta, M.; Nielsen, M. Gapped sequence alignment using artificial neural networks: Application to the
MHC class I system. Bioinformatics 2016, 32, 511-517, d0i:10.1093/bioinformatics/btv639.

Aurelian, L. Oncolytic virotherapy: The questions and the promise. Oncolytic Virother. 2013, 2, 19-29,
do0i:10.2147/0OV.S39609.

Marchini, A.; Scott, E.M.; Rommelaere, J. Overcoming Barriers in Oncolytic Virotherapy with HDAC
Inhibitors and Immune Checkpoint Blockade. Viruses 2016, 8, 9, doi:10.3390/v8010009.

Franco-Luzén, L.; Gonzélez-Murillo, A.; Alcantara-Sdnchez, C.; Garcia-Garcia, L.; Tabasi, M.; Huertas, A.L.;
Chesler, L.; Ramirez, M. Systemic oncolytic adenovirus delivered in mesenchymal carrier cells modulate
tumor infiltrating immune cells and tumor microenvironment in mice with neuroblastoma. Oncotarget
Impact J. 2019, 11, 347-361, doi:10.18632/oncotarget.27401.

Cejalvo, T.; Perisé-Barrios, A.J.; Del Portillo, I.; Laborda, E.; Rodriguez-Milla, M.A.; Cubillo, I.; Vazquez, F.;
Sardoén, D.; Ramirez, M.; Alemany, R.; et al. Remission of Spontaneous Canine Tumors after Systemic
Cellular Viroimmunotherapy. Cancer Res. 2018, 78, 4891-4901, doi:10.1158/0008-5472.CAN-17-3754.

Loeb, L.A.; Bielas, ].H.; Beckman, R.A. Cancers exhibit a mutator phenotype: Clinical implications. Cancer
Res. 2008, 68, 3551-3557; discussion 3557, doi:10.1158/0008-5472.C AN-07-5835.

Palumbo, A.; Costa N de, O.M.D.; Bonamino, M.H.; Pinto, L.F.R.; Nasciutti, L.E. Genetic instability in the
tumor microenvironment: A new look at an old neighbor. Mol. Cancer. 2015, 14, 1-15, d0i:10.1186/s12943-
015-0409-y.

Kent, D.G.; Green, A.R. Order Matters: The Order of Somatic Mutations Influences Cancer Evolution. Cold
Spring Harb. Perspect. Med. 2017, 7, a027060, doi:10.1101/cshperspect.a027060.

Jin, J.; Wu, X,; Yin, J.; Li, M,; Shen, ].; Li, J.; Zhao, Y.; Zhao, Q.; Wu, J.; Wen, Q.; et al. Identification of Genetic
Mutations in Cancer: Challenge and Opportunity in the New Era of Targeted Therapy. Front. Oncol. 2019,
9, doi:10.3389/fonc.2019.00263.

Brown, A.-L.; Li, M.; Goncearenco, A.; Panchenko, A.R. Finding driver mutations in cancer: Elucidating the
role of background mutational processes. PLOS Comput. Biol. 2019, 15, e1006981,
doi:10.1371/journal.pcbi.1006981.

Veal, E.; Eisenstein, M.; Tseng, Z.H.; Gill, G. A cellular repressor of E1A-stimulated genes that inhibits
activation by E2F. Mol. Cell Biol. 1998, 18, 5032-5041, doi:10.1128/mcb.18.9.5032.

Sacher, M.; Di Bacco, A.; Lunin, V.V,; Ye, Z.; Wagner, J.; Gill, G.; Cygler, M. The crystal structure of CREG,
a secreted glycoprotein involved in cellular growth and differentiation. Proc. Natl. Acad. Sci. USA 2005, 102,
18326-18331, doi:10.1073/pnas.0505071102.

Ghobrial, G.; Araujo, L.; Jinwala, F.; Li, S.; Lee, L.Y. The Structure and Biological Function of CREG. Front.
Cell Dev. Biol. 2018, 6, 136, d0i:10.3389/fcell.2018.00136.

Helmink, B.A.; Reddy, S.M.; Gao, J.; Zhang, S.; Basar, R.; Thakur, R.; Yizhak, K.; Sade-Feldman, M.; Blando,
J.; Han, G,; et al. B cells and tertiary lymphoid structures promote immunotherapy response. Nature 2020,
577, 549-555, doi:10.1038/s41586-019-1922-8.

Cabrita, R.; Lauss, M.; Sanna, A.; Donia, M.; Skaarup Larsen, M.; Mitra, S.; Johansson, I.; Phung, B.; Harbst,
K.; Vallon-Christersson, J.; et al. Tertiary lymphoid structures improve immunotherapy and survival in
melanoma. Nature 2020, 577, 561-565, d0i:10.1038/s41586-019-1914-8.

Gordon, S. Alternative activation of macrophages. Nat. Rev. [mmunol. 2003, 3, 23-35, d0i:10.1038/nri978.
Mantovani, A.; Sica, A.; Sozzani, S.; Allavena, P.; Vecchi, A.; Locati, M. The chemokine system in diverse
forms of macrophage activation and polarization. Trends Immunol. 2004, 25, 677-686,
doi:10.1016/;.it.2004.09.015.

Alberto, M.; Massimo, L. Tumor-Associated Macrophages as a Paradigm of Macrophage Plasticity,
Diversity, —and  Polarization. = Arterioscler.  Thromb.  Vasc.  Biol. 2013, 33, 1478-1483,
doi:10.1161/ATVBAHA.113.300168.



Cancers 2020, 12, 1104 18 of 19

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Shapouri-Moghaddam, A.; Mohammadian, S.; Vazini, H.; Taghadosi, M.; Esmaeili, S.-A.; Mardani, F.; Seifi,
B.; Mohammadi, A.; Afshari, ].T.; Sahebkar, A. Macrophage plasticity, polarization, and function in health
and disease. J. Cell Physiol. 2018, 233, 6425-6440, doi:10.1002/jcp.26429.

Clemente, M.].; Przychodzen, B.; Jerez, A.; Dienes, B.E.; Afable, M.G.; Husseinzadeh, H.; Rajala, H.L.M.;
Wilodarski, M.W.; Mustjoki, S.; Maciejewski, ].P. Deep sequencing of the T-cell receptor repertoire in CD8+
T-large granular lymphocyte leukemia identifies signature landscapes. Blood 2013, 122, 4077-4085,
doi:10.1182/blood-2013-05-506386.

Cui, J.-H.; Lin, K.-R.; Yuan, S.-H.; Jin, Y.-B.; Chen, X.-P.; Su, X.-K; Jiang, J.; Pan, Y.-M.; Mao, S.-L.; Mao, X.-
F.; et al. TCR Repertoire as a Novel Indicator for Immune Monitoring and Prognosis Assessment of Patients
With Cervical Cancer. Front. Immunol 2018, 9, 2729, d0i:10.3389/fimmu.2018.02729.

Tamura, K.; Hazama, S.; Yamaguchi, R.; Imoto, S.; Takenouchi, H.; Inoue, Y.; Kanekiyo, S.; Shindo, Y.;
Miyano, S.; Nakamura, Y.; et al. Characterization of the T cell repertoire by deep T cell receptor sequencing
in tissues and blood from patients with advanced colorectal cancer. Oncol. Lett. 2016, 11, 3643-3649,
doi:10.3892/01.2016.4465.

Keane, C.; Gould, C.; Jones, K.; Hamm, D.; Talaulikar, D.; Ellis, J.; Vari, F.; Birch, S.; Han, E.; Wood, P.; et
al. The T-cell Receptor Repertoire Influences the Tumor Microenvironment and Is Associated with Survival
in Aggressive B-cell Lymphoma. Clin. Cancer Res. Off. |. Am. Assoc. Cancer Res. 2017, 23, 1820-1828,
doi:10.1158/1078-0432.CCR-16-1576.

Osinska, I; Popko, K.; Demkow, U. Perforin: An important player in immune response. Cent. Eur. |.
Immunol. 2014, 39, 109-115, doi:10.5114/ceji.2014.42135.

Ewen, C.L.; Kane, K.P.; Bleackley, R.C. A quarter century of granzymes. Cell Death Differ. 2012, 19, 28-35,
do0i:10.1038/cdd.2011.153.

Voskoboinik, I.; Whisstock, ].C.; Trapani, ].A. Perforin and granzymes: Function, dysfunction and human
pathology. Nat. Rev. Immunol. 2015, 15, 388-400, doi:10.1038/nri3839.

Henao-Tamayo, M.; Irwin, S.M.; Shang, S.; Ordway, D.; Orme, LM. T lymphocyte surface expression of
exhaustion markers as biomarkers of the efficacy of chemotherapy for tuberculosis. Tuberculosis 2011, 91,
308-313, doi:10.1016/j.tube.2011.04.001.

Huang, R.-Y.; Eppolito, C.; Lele, S.; Shrikant, P.; Matsuzaki, J.; Odunsi, K. LAG3 and PD1 co-inhibitory
molecules collaborate to limit CD8+ T cell signaling and dampen antitumor immunity in a murine ovarian
cancer model. Oncotarget 2015, 6, 27359-27377.

Wherry, E.J.; Kurachi, M. Molecular and cellular insights into T cell exhaustion. Nat. Rev. Immunol. 2015,
15, 486-499, d0i:10.1038/nri3862.

Jiang, Y.; Li, Y.; Zhu, B. T-cell exhaustion in the tumor microenvironment. Cell Death Dis. 2015, 6, 1792,
do0i:10.1038/cddis.2015.162.

Catakovic, K.; Klieser, E.; Neureiter, D.; Geisberger, R. T cell exhaustion: From pathophysiological basics
to tumor immunotherapy. Cell Commun. Signal. CCS 2017, 15, 1-16, d0i:10.1186/s12964-016-0160-z.

LeBien, T.W.; Tedder, T.F. B lymphocytes: How they develop and function. Blood 2008, 112, 1570-1580,
doi:10.1182/blood-2008-02-078071.

Yuen, G.J.; Demissie, E.; Pillai, S. B lymphocytes and cancer: A love-hate relationship. Trends Cancer 2016,
2, 747-757, d0i:10.1016/j.trecan.2016.10.010.

Thomas, ].G.; Parker Kerrigan, B.C.; Hossain, A.; Gumin, J.; Shinojima, N.; Nwajei, F.; Ezhilarasan, R.; Love,
P.; Sulman, E.P.; Lang, F.F. Ionizing radiation augments glioma tropism of mesenchymal stem cells. ].
Neurosurg. 2018, 128, 287-295, d0i:10.3171/2016.9.JNS16278.

Simpson, G.R.; Relph, K.; Harrington, K.; Melcher, A.; Pandha, H. Cancer immunotherapy via combining
oncolytic virotherapy with chemotherapy: Recent advances. Oncolytic Virother. 2016, 5, 1-13,
doi:10.2147/0OV.S66083.

Ribas, A.; Dummer, R.; Puzanov, I.; VanderWalde, A.; Andtbacka, R.H.I.; Michielin, O.; Olszanski, A.].;
Malvehy, J.; Cebon, J.; Fernandez, E.; et al. Oncolytic Virotherapy Promotes Intratumoral T Cell Infiltration
and Improves Anti-PD-1 Immunotherapy. Cell 2018, 174, 1031-1032, doi:10.1016/j.cell.2018.07.035.
Cibulskis, K.; Lawrence, M.S.; Carter, S.L.; Sivachenko, A; Jaffe, D.; Sougnez, C.; Gabriel, S.; Meyerson, M.;
Lander, E.S.; Getz, G. Sensitive detection of somatic point mutations in impure and heterogeneous cancer
samples. Nat. Biotechnol. 2013, 31, 213-219, doi:10.1038/nbt.2514.

Li, H.; Durbin, R. Fast and accurate short read alignment with Burrows-Wheeler transform. Bioinformatics
2009, 25, 1754-1760, doi:10.1093/bioinformatics/btp324.



Cancers 2020, 12, 1104 19 of 19

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Alexandrov, L.B.; Nik-Zainal, S.; Wedge, D.C.; Aparicio, S.A.J.R.; Behjati, S.; Biankin, A.V.; Bignell, G.R.;
Bolli, N.; Borg, A.; Berresen-Dale, A.-L.; Boyault, S.; et al. Signatures of mutational processes in human
cancer. Nature 2013, 500, 415-421, doi:10.1038/nature12477.

Carlson, C.S.; Emerson, R.O.; Sherwood, A.M.; Desmarais, C.; Chung, M.-W.; Parsons, ].M.; Steen, M.S.;
LaMadrid-Herrmannsfeldt, M.A.; Williamson, D.W.; Livingston, R.J.; et al. Using synthetic templates to
design an unbiased multiplex PCR assay. Nat. Commun. 2013, 4, 2680, doi:10.1038/ncomms3680.

Dobin, A.; Davis, C.A.; Schlesinger, F.; Drenkow, ].; Zaleski, C.; Jha, S.; Batut, P.; Chaisson, M.; Gingeras,
TR. STAR: Ultrafast universal RNA-seq aligner. Bioinformatics 2013, 29, 15-21,
doi:10.1093/bioinformatics/bts635.

Pruitt, K.D.; Tatusova T.; Maglott, D.R. NCBI reference sequences (RefSeq): a curated non-redundant
sequence database of genomes, transcripts and proteins. Nucleic Acids Res. 2007, 35: D61-65. doi:
10.1093/nar/gkl1842.

Li, B.; Dewey C.N. RSEM: accurate transcript quantification from RNA-Seq data with or without a reference
genome. BMC Bioinform. 2011; 12: 323. doi: 10.1186/1471-2105-12-323.

Ritchie, M.E.; Phipson, B.; Wu, D.; Hu Y.; Law, C.W.; Shi, W.; Smyth, G.K. limma powers differential
expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. 2015; 43: e47. doi:
10.1093/nar/gkv007.

Subramanian, A.; Tamayo, P.; Mootha, V.K.; Mukherjee, S.; Ebert, B.L.; Gillette, M.A.; Paulovich, A.;
Pomeroy, S.L.; Golub, T.R.; Lander, E.S.; Mesirov, J.P. Gene set enrichment analysis: a knowledge-based
approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci USA 2005; 102: 15545-50.
doi: 10.1073/pnas.0506580102.

70. Charoentong, P.; Finotello, F.; Angelova, M.; Mayer, C.; Efremova, M.; Rieder, D.; Hackl, H.;
Trajanoski, Z. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype relationships and
predictors of response to checkpoint blockade. Cell Rep. 2017, 18, 248-262, d0i:10.1101/056101.

70. Becht, E,; Giraldo, N.A,; Lacroix, L.; Buttard, B.; Elarouci, N.; Petitprez, F.; Selves, ].; Laurent-Puig, P.;
Sautes-Fridman, C.; Fridman, W.H.; et al. Estimating the population abundance of tissue-infiltrating
immune and stromal cell populations using gene expression. Genome Biol. 2016; 17: 218. doi: 10.1186/s13059-
016-1070-5.

Hénzelmann, S.; Castelo, R.; Guinney, J. GSVA: gene set variation analysis for microarray and RNA-Seq
data. BMC Bioinform. 2013; 14: 7. doi: 10.1186/1471-2105-14-7.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ @ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).



	1. Introduction
	2. Results
	2.1. The Landscape of Infiltrating Immune Cells during Tumor Evolution under Oncolytic Virotherapy
	2.2. Tumor Infiltrating T Lymphocytes during Tumor Evolution
	2.3. Mutational and Neoepitope Landscape during Tumor Evolution

	3. Discussion
	4. Materials and Methods
	4.1. Patient’s Samples.
	4.2. gDNA Isolation and Quantification.
	4.3. Whole Exome Sequencing (WES): Variant Calling and Mutational Signatures.
	4.4. T-Cell Receptor (TCR) Sequencing.
	4.5. Neoantigen Prediction
	4.6. RNA Isolation and Quantification.
	4.7. RNA-Seq Analysis: Expression Matrix, Differentially Expressed Genes, and Functional Analysis.
	4.8. Immune Profile Analysis
	4.9. GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data
	4.10. Statistical Analysis

	5. Conclusions
	References

