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Network based analysis identifies TP53m-BRCA1/2wt-
homologous recombination proficient (HRP) population with
enhanced susceptibility to Vigil immunotherapy
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Thus far immunotherapy has had limited impact on ovarian cancer. Vigil (a novel DNA-based multifunctional immune-therapeutic)
has shown clinical benefit to prolong relapse-free survival (RFS) and overall survival (OS) in the BRCA wild type and HRP populations.
We further analyzed molecular signals related to sensitivity of Vigil treatment. Tissue from patients enrolled in the randomized
double-blind trial of Vigil vs. placebo as maintenance in frontline management of advanced resectable ovarian cancer underwent
DNA polymorphism analysis. Data was generated from a 981 gene panel to determine the tumor mutation burden and classify
variants using Ingenuity Variant Analysis software (Qiagen) or NIH ClinVar. Only variants classified as pathogenic or likely
pathogenic were included. STRING application (version 1.5.1) was used to create a protein-protein interaction network. Topological
distance and probability of co-mutation were used to calculated the C-score and cumulative C-score (cumC-score). Kaplan–Meier
analysis was used to determine the relationship between gene pairs with a high cumC-score and clinical parameters. Improved
relapse free survival in Vigil treated patients was found for the TP53m-BRCAwt-HRP group compared to placebo (21.1 months versus
5.6 months p= 0.0013). Analysis of tumor mutation burden did not reveal statistical benefit in patients receiving Vigil versus
placebo. Results suggest a subset of ovarian cancer patients with enhanced susceptibility to Vigil immunotherapy. The hypothesis-
generating data presented invites a validation study of Vigil in target identified populations, and supports clinical consideration of
STRING-generated network application to biomarker characterization with other cancer patients targeted with Vigil.
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INTRODUCTION
Ovarian cancer is the third most common gynecologic cancer, and it
carries the worst prognosis and highest mortality rate of gynecologic
cancers [1–3]. Mortality from ovarian cancer is three times that of
breast cancer [3, 4]. Genetically, the majority of ovarian cancer cases
are BRCA wild type (BRCAwt) but more than one-fifth of cases are
attributable to mutations in tumor suppressor genes, with 65–85%
of the mutations being in germline BRCA genes (gBRCA) [5, 6].
Standard treatment of resectable newly diagnosed stage III/IV

ovarian cancer involves surgical resection and adjuvant or
neoadjuvant chemotherapy [7, 8]. Unfortunately, nearly 75% of this
patient population who undergo standard treatment will experience
recurrence following frontline therapy [7, 9]. The establishment of
more effective therapies for ovarian cancer is essential.
Major advancements in ovarian cancer maintenance therapy came

with the advent of poly(ADP-ribose) polymerase (PARP) inhibitors
(PARPi) [10], which are currently approved in newly diagnosed and
recurrent ovarian cancer maintenance. PARP inhibitors target the
PARP family of proteins (PARP1, PARP2, PARP3), which are a central
component of the DNA repair machinery [11, 12]. When administered
to patients with intrinsically deficient DNA repair including mutations
in BRCA or other homologous recombination genes, PARPi results in

synthetic lethality [12–14]. Benefit of maintenance PARPi however is
limited in newly diagnosed patients who are BRCAwt or homologous
recombination proficient (HRP) molecular profile [15, 16].
Vigil is an autologous tumor DNA immunotherapy transfected

with a plasmid encoding granulocyte-macrophage colony-stimu-
lating factor (GM-CSF) and bifunctional short hairpin RNA inhibitor
against furin. Furin is an enzyme essential for cleaving TGF-beta
into its active form [17]. Vigil was designed to enhance the
immune system’s potency against cancer in three ways: first, Vigil
introduces the individual tumor neoantigen repertoire to the
immune system. Second, Vigil enhances differentiation and
activation of immune cells via GM-CSF, a cytokine important to
immune activation at both the peripheral and marrow levels.
Finally, Vigil inhibits cancer expressive TGF-beta, thereby decreas-
ing immunosuppressive activity of TGF-beta. Functional immune
activation of Vigil in correlation with clinical benefit has been
demonstrated via ELISPOT assay [18, 19]. Moreover, Vigil appears
to increase CD3+/CD8+ T cell circulation in advanced solid tumor
patients and expands MHC-II expression activity, as determined by
NanoString analysis, in correlation with clinical benefit [20, 21].
Safety and evidence of efficacy of Vigil has been evaluated in
several tumor types in addition to ovarian cancer [18, 19, 22–26].

Received: 24 June 2021 Revised: 21 September 2021 Accepted: 11 October 2021

1Southern Methodist University, Department of Mathematics, Dallas, TX, USA. 2University of Toledo, Department of Medicine, Toledo, OH, USA. 3University of Kansas School of
Medicine, Wichita, KS, USA. 4Ocean Ridge Biosciences, Deerfield, FL, USA. 5Gradalis, Inc, Carrollton, TX, USA. ✉email: jnemunaitis@gradalisinc.com

www.nature.com/cgtCancer Gene Therapy

1
2
3
4
5
6
7
8
9
0
()
;,:



A randomized double-blind placebo-controlled study (VITAL
trial) of Vigil versus placebo as maintenance therapy for frontline
stage III/IV ovarian cancer recently demonstrated clinical benefit in
terms of recurrence-free survival (RFS) from randomization (done
just prior to maintenance therapy initiation) (HR= 0.51; CI 90%
0.30–0.88; p= 0.02) and overall survival (OS) (HR= 0.49; 90% CI
0.24–1.0 p= 0.049) in patients with BRCAwt tumors [17].
Additional post-hoc analysis demonstrated further clinical benefit
in RFS and OS (HR 0.386; 90% CI 0.199–0.750; p= 0.007 and HR
0.342; 90% CI 0.141–0.832; p= 0.019) from randomization in
patients with HRP molecular profile [27]. We hypothesize that
intact DNA repair mechanisms of BRCAwt, HRP ovarian cancer may
be important for Vigil efficacy, possibly related to higher degree of
clonal versus subclonal neoantigens available for anticancer
immune stimulation [27, 28]. We now describe further molecular
analysis in coordination with clinical benefit parameters of
genomic variant data in all patients involved in the VITAL trial.
We seek to identify significant genomic variants, meaningful
variant combinations, and relevant genes at the intersection or
“hub” of ovarian cancer pathways which provide proof of principle
to a novel clinically applicable method of biomarker assessment.

METHODS
Data management and design
Tumor annotated DNA polymorphism data was generated by Ocean Ridge
Biosciences (ORB) (Deerfield Beach, Florida), across 981 validated genes for
all patients who entered into the Phase IIb double-blind randomized
placebo-controlled trial (NCT02346747) comparing Vigil and placebo in
Stage III/IV resectable ovarian cancer. Patient demographics, trial design,
and vaccine manufacturing were previously described [17]. Patients were
enrolled following IRB approved written consent. DNA samples of
malignant tissue were analyzed from all 91 patients entered into trial
and results were compared to clinical endpoints prospectively identified in
the study statistical plan. Gene variants were classified by either Ingenuity
Variant Analysis software (Qiagen, Valencia, CA) or the NIH ClinVar
database (current versions as of 10 February 2020) [29].
Only gene variants which were determined to be pathogenic or likely

pathogenic were included and were referred to as pathogenic mutations.
Individual gene sets of pathogenically mutated genes for each patient in the
trial were generated. An overall gene set was then constructed by taking the
unique union (i.e., combining all of the individual patient gene sets and
removing duplicated genes) of the individual gene sets. A binary mutation
matrix was constructed from this overall gene set such that element (i, j) of
the mutation matrix was equal to 1 if patient i had a pathogenic mutation in
gene j and equal to 0 if patient i was wild type in gene j. Visual display of this
mutation matrix of all patients is shown in Supplementary Fig. 1. The
mutation matrix allows for visualization of common mutations and genetic
profiles but does not explore the functional relationship between genes.

Tumor mutation burden analysis
Annotated DNA polymorphism data generated from sequencing the coding
regions of 981 tumor-related genes of the Roche panel from both PBMC
(germline) and tumor cells (somatic) was utilized to determine the tumor
mutational burden (TMB) for each patient [30]. Common DNA polymorph-
isms, as evidenced by their presence in dbSNP database v. 151 or the 1000
genome project database (Phase III version 5b), were removed from
consideration as were any variants that were not classified as exonic.
Somatic polymorphisms were defined as SNPs or insertions/deletions that
were present at a 5% frequency or greater in the tumor DNA of a patient
while being absent from the germline sample from the same patient. TMB
was calculated as the sum of the synonymous and non-synonymous somatic
mutations across the coding regions of the 981 genes divided by the length
in Mb of the consensus coding region sequence (CCDS) of the sequenced
exonic regions of these genes (2,702,326 bp). Patients with TMB scores ≥10
were classified as high TMB, and <10 were classified as low TMB.

STRING and topological distance
The STRING database has been maintained since 2000 by the Swiss Institute
of Bioinformatics, CPR - Novo Nordisk Foundation Center Protein Research,
and EMBL - European Molecular Biology Laboratory [http://string-db.org/]

[31–39]. Pathogenically mutated genes were inputted into the STRING
(Search Tool for the Retrieval of Interacting Genes/Proteins) application
(Version 1.5.1) in Cytoscape (Version 3.8.0) to gauge functional interaction.
The STRING application generates a network for the input genes which
consists of genes and their interactions, represented by nodes and the lines
which connect them, referred to as vertices and edges, respectively. Genes
are only connected via edges in the network if there is evidence they
interact from published literature and high throughput experimental data.
STRING uses this information to assign confidence scores, which are
denoted as s(i, j), to each interaction or edge. Individual STRING scores are
produced for each of the interaction types and these scores are integrated
to give a combined confidence score, s(i, j), between each pair of proteins.
Each protein-protein interaction (PPI) score is bound between 0 and 1 which
indicates how likely STRING judges the particular interaction to be true,
given available evidence. Next, edge weights (w) between each pair of
genes are calculated according to the following formula: w(i, j)= 10(1−s(i, j)).
The score, s(i, j) was subtracted from one so that intuitively a small

weight corresponds to strong evidence of a biological interaction between
a gene pair and multiplied by 10 to shift the values to the desired scale
[40]. Dijkstra’s Algorithm was then used to calculate the length of the
shortest weighted path between genes denoted, d(i, j) by summing over
the weighted edges that connect them and systematically finding the
shortest weighted path. Genes with distance ≤3.8 was defined as the
bottom quarter. Intuitively, when a gene pair has a low topological
distance, d(i, j), the genes may interact biologically.

C-scores
The independent concepts of patient mutation profiles and the STRING
Network are integrated by C-score. The probability of co-mutation for
every pair of genes in the overall gene set was calculated. The probability
(P) of a co-mutation was defined as the total number of the 91 patients
who have a mutation in both of the genes in the given gene pair divided
by a measure of the total number of times both genes are mutated
individually, given by:

P i; jð Þ ¼ G ið Þ \G jð Þj j
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

m ið Þ �m jð Þp

[41]. Where jGðiÞ \GðjÞj represents the number of individual tumors where
both genes i and j are mutated, and m(i) and m(j) are the cumulative
mutations of genes i and j, respectively. The range of P(i, j) is between
0 and 1 where P(i, j)= 0 indicates that genes i and j never co-mutate and
P(i, j)= 1 means the genes will always co-mutate.
The probability of co-mutation and the topological distance between

genes in the STRING network were then combined to calculate a C-score,
denoted C(i, j), to quantify the likelihood that the genes interact
functionally, termed “putative genetic interactions” [41]. The C-score is
calculated by dividing the probability of co-mutation by the topological
distance from the STRING network squared.

C i; jð Þ ¼ P i; jð Þ
dði; jÞ2 ¼

jGðiÞ \GðjÞj
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

mðiÞ �mðjÞp

dði; jÞ2

Further, the cumulative C-score for a gene i is denoted, cumCðiÞ ¼
P

i≠j Cði; jÞ [41]. A gene with a high cumulative C-score is more likely to
co-mutate with genes close to it in the STRING Network. In order to
determine the significance for these C-scores, a permutation test is
performed. We began by reshuffling the mutation profile of each patient
through preserving the number of mutations of each patient and
randomly assigning new mutations. Then we followed the above
methodology to calculate “simulated C-scores”, Cs(i, j). The p-value was
then calculated by taking the total number of times the simulated
C-score was greater than or equal to the actual C-score and dividing by
the number of trials performed (n= 10,000) [41].

p ¼ jCs i; jð Þ � C i; jð Þj
10; 000

Pathway analysis
A list of pathways associated with each gene was extracted and binned into
seven color coded categories that included DNA repair, chromosomal
organization and transcription, regulation of translational and post-
translational modification, immunity, other pathways, other cancer genes,
and undefined.
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Survival analysis
RFS and OS relationships of patients with varying mutational statuses in (i) hub
genes, (ii) gene pairs with small topological distances and (iii) gene pairs with
high cumulative C-scores were explored. Finally, patients were stratified by
tumor mutational burden high versus low to examine and compare RFS and
OS differences using the ‘survival’ and ‘survminer’ packages in R (Version 3.6.2).

RESULTS
TMB analysis
In the Vigil group, 33 patients had high TMB and 14 low TMB, with
similar proportions in the placebo group (34 and 10, respectively).
Within Vigil treated patients there was no impact of TMB on RFS
(HR= 1.289 90% CI 0.639–2.602) or OS (HR= 1.266 90% CI
0.448–3.578). Comparison of high TMB effect involved in Vigil
compared to placebo related to RFS (HR= 0.598 90% CI
0.354–1.011 p= 0.052) and OS (HR= 0.514 90% CI 0.252–1.051
p= 0.06) was not significant, but a trend to the benefit of Vigil was
suggested. However, this could have been related to reduced
placebo response in patients with high TMB. Low TMB did not
impact RFS or OS in patients receiving Vigil compared to placebo
(HR= 1.011 90% CI 0.405–2.524 and HR= 1.153 90% CI
0.244–5.461 respectively). High TMB also did not disrupt
significance of BRCAwt correlation with RFS previously reported
[17]. In BRCAwt TMB high patients median RFS was 13.7 months in
Vigil treated patients compared to 8 months for placebo
(HR= 0.427 90% CI 0.232–0.784). Similarly, overall survival in
BRCAwt TMB high patients was not reached in Vigil patients

compared to 41.4 months in placebo (HR= 0.416 90% CI
0.187–0.926; Table 1). RFS and OS could not be evaluated in the
BRCAwt, low TMB group due to small sample size.

Network construction and pathway enrichment analysis
To identify potential gene interactions that were associated with
extended RFS in patients receiving Vigil, first a protein–protein
interaction (PPI) network was constructed using 83 genes that
were identified as having pathogenic mutations in the study
population [42]. The 83 genes were loaded into STRING software;
77 of these genes were identified as having functional data in the
database and were used to construct a network. The six genes that
STRING did not recognize include AC092143.1, AL132855.1, MHRT,
MYCN, NBR2 and ZFPM2-AS1. These were not included in the
network or the degree chart. The STRING-constructed PPI network
is displayed in Fig. 1. In the STRING network, an association or
interaction may refer to direct (e.g., physical binding) or indirect

Table 1. TMB did not impact Vigil efficacy in BRCAwt patients.

BRCAwt/High TMB BRCAwt/Low TMB

Vigil n= 33 Vigil n= 14

Placebo n= 34 Placebo n= 10

OS HR= 0.598 90% CI 0.354–1.011
p= 0.052

HR= 1.011 90% CI
0.405–2.524

RFS HR= 0.514 90% CI 0.252–1.051
p= 0.06

HR= 1.153 90% CI
0.244–5.461

Fig. 1 STRING Network produced in Cytoscape. Larger nodes indicate hub genes. A node colored red indicates a majority of pathways
involved with DNA repair. Blue indicates chromosomal organization and transcription. Purple indicates regulation of translation and post-
translational modification. Yellow indicates immunity. Green indicates other cancer genes. Gray genes are those which had no known
pathways in WikiPathways orange genes do not fall into the other six categories.
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interactions, such as shared participation in a common metabolic
pathway [43]. Nodes in the network represent genes (n= 77) and
edges (n= 371) represent biological interaction or association
between any two of the identified pathogenic genes. Pathway
analysis was conducted by inputting each gene in the STRING
network into the WikiPathways Application in Cytoscape [42].

Single gene analysis
Hub genes. A hub gene is defined to be a gene with a high
degree (or number of connections) of associations to other genes
in the network. Here, a hub gene is considered to be a gene with
degree ≥12, which is the top quartile of genes based on the range
of degree of genes in the network. Ten of the 23 genes in the
distance matrix (Figure 3) were identified to have a degree ≥12, in
the network defining them as hub genes: TP53, CTNNB1, PIK3CA,
BRCA1, NF1, BRCA2, ARID1A, ATRX, MYCNOS, and MUTYH. TP53 had
the largest degree of all genes in the network as seen in Fig. 2.
For the single gene analysis, patients were grouped by their

mutational status and the Kaplan–Meier and log-rank tests were
performed to determine whether the mutational status at that loci
was associated with RFS in Vigil treated patients relative to placebo.
RFS from randomization was the primary endpoint of the VITAL trial
and therefore it was used as the test variable (or categorical
variable) for this analysis. TP53, BRCA1, and BRCA2 were the only
hub genes that reached our planned statistical cutoff of p ≤ 0.1
from randomization (Table 2). In patients with TP53-mutated
tumors (TP53m; n= 65), median RFS was 18.69 months with Vigil
(n= 33) and 8.35 months with placebo (n= 32) (one-sided p=
0.096, HR= 0.66). In the BRCA1wt population (n= 79), RFS was
12.75 months for Vigil (n= 42) and 8.38 months for placebo (n=
37) (one-sided p= 0.10, HR= 0.70). RFS for the BRCA2wt population
(n= 82) was 11.47 months and 8.35 months for Vigil (n= 46) and
placebo (n= 36), respectively (one-sided p= 0.05, HR= 0.64).
Additional hub gene analysis is presented in Supplemental Table 1.

Gene pair analysis
Gene pairs with a small topological distance. The distance matrix
only included 23 genes, representing a subset of the network that
was complete (i.e., every pair of genes had an edge connecting

them). Once the complete network was found, the distance matrix
was constructed to visualize the topological distance of each
corresponding gene pair.
The maximum and minimum distance in the matrix were

between genes USH2A and EPPK1, with a distance of 15.19 and
between genes BRCA1 and BRCA2 with a distance of 0.02,
respectively. We further analyzed gene pairs with a small
topological distance. Using a cutoff of 3.8 which was calculated
by taking the range, 15.19 minus 0.02, and dividing by four,
denoted the bottom quartile, we arrived at 139 gene pairs
comprised of 23 genes (Fig. 3).
We found that TP53 and BRCA1 had a distance of 0.04 and TP53

and BRCA2 had a distance of 0.06. This indicated that there was
strong evidence that TP53 had a functional association with BRCA1
and BRCA2 and thus considered both BRCA1 and BRCA2 as a joint
relationship designated as BRCA which is consistent with prior
analysis by others [44]. Additional genes with small topological
distance are presented in Supplemental Tables 2 and 3.

Gene pairs with high cumulative C-Scores. After computing the
C-Score for all gene pairs in the Distance Matrix and ordering
genes from highest to lowest cumulative C-Score (cumC-score), the
genes with highest cumC-score in order were BRCA1, BRCA2 and
TP53. This indicated high connectivity within the network both
from a co-mutation standpoint and a topological distance
perspective. C-score significance analysis was performed, however
due to the limitations of small sample size and small gene sets the
results were not significant. Future analysis with larger sample size
and gene panels is warranted.
The function or dysfunction of BRCA1, BRCA2, and TP53 has

broad-reaching consequences for the other proteins within the
ovarian cancer cell, more so than other genomic variants. This
warranted closer attention to the effects of wild type versus mutant
expression. Given the proximity of TP53 with BRCA1 and BRCA2 in
the STRING network and their high cumulative C-scores, we
performed survival analysis across the four mutation statuses (co-
mutant, mutant-wild-type, wild-type mutant and co-wild type). The
impact of these combinations on relapse-free survival in the Vigil
treatment group compared to placebo is displayed in Table 3. The
TP53m-BRCAwt group experienced a median RFS of 19.35 months,
compared to 11.71 months in co-mutant and 10.48 months in co-
wild type. When compared between treatment arms, the TP53m-
BRCAwt group had a median RFS of 19.35 months in the Vigil arm
compared to 7.85 months in placebo (p= 0.01, HR= 0.44; Fig. 4).
Additional tests demonstrated statistical significance (p < 0.05) for
the combination of BRCA and our identified hub genes, displayed in
Table 4. Results regarding other gene pairs with small distances are
presented in the Supplemental data.

Homologous recombination status. KM analysis was conducted to
determine the effect of homologous recombination status on the
TP53m-BRCAwt population. A score of <42, as defined by Myriad
Genetics was used to identify patients who were HRP and a score
of ≥42 indicated patients were HRD. RFS in the TP53m-BRCAwt and
HRP group was improved to 21.1 vs. 5.6 months (HR= 0.26, p=
0.001) in Vigil vs. placebo patients (Fig. 5A). OS was also improved
in HRP and TP53m-BRCAwt patients from randomization. In the

Fig. 2 Degree of nodes from STRING PPI Network. Each gene in
the STRING PPI Network is represented from largest to smallest
degree below.

Table 2. RFS from randomization for TP53m, BRCA1wt, and BRCA2wt.

Gene Vigil median RFS (months) Placebo median RFS (months) Difference (months) N P-value HR

Vigil Placebo

TP53m 18.69 8.35 10.35 33 32 0.096 0.66

BRCA1wt 12.75 8.38 4.37 42 37 0.10 0.70

BRCA2wt 11.47 8.35 3.12 46 36 0.05 0.64
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Vigil treated group, OS was not reached while placebo was
27.0 months (HR= 0.33, p= 0.02; Fig. 5B).

DISCUSSION
Our network-based analysis of pathogenic gene mutations points us
towards a potential optimally responsive population to Vigil,
specifically, patients with a HRP malignant cell profile including

BRCAwt and TP53 mutant gene signals. These results are only
hypothesis generating, but suggest a novel methodological/compu-
tational approach to biomarker assessment and for optimizing a
target population for Vigil therapy and possibly proof of principle for
biomarker assessment of other target-based therapies. Further
evaluation of other hub genes (PIK3CAwt, NF1wt, ARID1wt, MYC-
NOSwt, and MUTYHwt) in BRCA1/2wt, HRP cancer patients as
potential biomarkers for Vigil treatment, and possibly indicators of
novel added therapeutic management, may be fruitful. In our
approach, the STRING database was utilized to construct an unbiased
network to describe the functional similarity between genes, thereby
providing mechanistic understanding of the potential effect of wild
type or mutant variants. This approach circumvents a potential
limitation of DNA variant data and may provide more effective target
population identification, given our current limited understanding of
comprehensive molecular signal expression pathways and relation-
ship to clinical benefit impact. In this manner, one can describe the
genes of high importance by computationally analyzing properties of
the malignant network, such as the topological distance between
genes, C-scores, and hub genes. Through these analyses in the HRP
ovarian population treated with Vigil, three gene variants stood out
across all analytic methods: BRCA1, BRCA2, and TP53. Similar
methodology has been used by others involving various cancer
types and have demonstrated molecular collaboration with clinical
outcomes [40, 41, 43, 45].
The combination of STRING-generated topological distance and

sample-derived probability of co-mutation is manifested as the
C-score for two genes, and the cumC-score is the aggregate of one
gene’s interaction with every other gene in the network. Gene
pairs identified by C-scores often involve central cancer genes

Fig. 3 Distance matrix. Heat map key is located to the right of the matrix. Blue shading represents a high degree of interaction while red
represents less interaction. The diagonal dark blue shade is a genes interaction with itself and is equal to 0.

Table 3. RFS from randomization for TP53 and BRCA.

Gene 1 Gene 2 Vigil median
RFS (months)

Placebo median
RFS (months)

Difference (months) N P-value HR

Vigil Placebo

BRCAm TP53m 11.71 14.75 −3.04 4 14 0.27 1.50

BRCAwt TP53m 19.35 7.85 11.50 29 18 0.013 0.44

BRCAm TP53wt 10.48 31.90 −21.42 3 3 0.39 1.40

BRCAwt TP53wt 10.48 8.38 2.10 11 9 0.47 1.05

Fig. 4 Kaplan–Meier curves of TP53m-BRCAwt population RFS
from time of randomization. Vigil demonstrates RFS advantage
(HR = 0.44, p = 0.01) in the TP53m-BRCAwt population.
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which correlate with increased tumorigenesis and sensitivity/
resistance to anticancer therapeutics [41]. Due to limited size of our
gene set and patient sample size, we chose to characterize
individual genes by their cumC-score [43]. Here, we identified TP53,
BRCA1, and BRCA2 as genes with the highest cumC-scores of the
genes present in patient samples. The high cumC-score suggests
that particular variants of these genes correspond to drug
response, as cumC-scores correlate with sensitivity and resistance
[41]. Indeed, we found that TP53m and BRCAwt correlated with
increased RFS benefit to Vigil, although further prospective
analysis, now underway, will be required for verification. Additional
topological features of the STRING network which may be of
interest and worthy of further investigation include betweenness
centrality (BC), eccentricity, closeness centrality, and eigenvector
centrality. A node with a high BC may represent a bottleneck in the
network [46]. This may also shed light on additional signal patterns
and additional genes relevant to ovarian cancer and Vigil
mechanism, which may be further validated through analysis of
expression data in future study.
Analysis of hub genes similarly identified BRCA and TP53 as

central ovarian cancer genes. Previous work demonstrated that
hub gene data provided clinical insight to differences in OS. In one
previous study, 4 of 16 identified hub genes in the studied sample
(CCNB1, CENPF, KIF11, and ZWINT) were associated with decreased
OS of patients with ovarian cancer [47]. Authors of this study posit
that mutations in these hub genes, which occupy the intersection
of many cellular pathways, results in rippling dysregulation of
numerous cellular functions. Thus, by altering a single hub gene,
cellular homeostasis may be impacted on a larger scale. This
disruption may be associated with tumor progression, immune
inhibition, and any number of cancer hallmarks, which may
explain the association of hub genes with a poor prognosis
[48, 49]. The hub gene analysis presented in our paper identified
TP53m, BRCA1wt, BRCA2wt as core hub genes with RFS advantage
in Vigil treated patients, potentially indicating a broader genetic
network for target population of Vigil. Moreover, this approach

supports a strategic shift in targeted therapeutic development
towards targeting related network genomic variants.
Our results also support that the pathways impacted by BRCA

must be intact for Vigil to function optimally, while the pathways
impacted by TP53 may be dysregulated. Similarly, the integrity of
the homologous repair pathway and its associated genes (HRP
genotype) may also be important for optimal Vigil results. This
suggests a cancer homeostasis formed by the combination of gene
variants that creates an optimal environment for drug sensitivity or
resistance. We hypothesize that the interaction of pathways
generated by functional HR or BRCA proteins and disrupted TP53
protein creates the ideal molecular setting for Vigil therapy
responsiveness. Mutation in TP53 is likely an early oncogenic event
and likely results in clonal cell TP53 neoantigen expression. Coupled
with proficient homologous recombination of BRCA1/2 wild-type
gene patients may achieve low TMB, but also low intratumor
heterogeneity (ITH). While low TMB potentially results in decreased
CD4+/CD8+ T cells infiltration, this signaling pattern and its
associated low ITH may provide for more effective and consolidated
T cell response towards clonal neoantigens. Furthermore, treatment
with Vigil may bypass the effect of low TMB by increasing
circulating CD4+/CD8+ T cells and providing T cell neoantigen
education, which would likely be particularly effective in this
population [20]. Conversely, ITH associated with high TMB provides
an increase in variation of neoepitopes between cells within a
tumor and can dilute a consolidated immune response against
lower frequency clonal neoantigens [17, 28]. As related to Vigil
mechanism of action a more robust immune attack is mounted
against clonal neoepitopes displayed by the majority of cancer cells
in a low ITH environment. TP53m is associated with increased TMB
and tumor aneuploidy level (TAL), which have conflicting impacts
on immune responsivity. TMB tends to correlate with sensitivity to
certain immunotherapies particularly checkpoint inhibitors [50, 51].
TAL is the degree of chromosomal mis-segregation, and is
associated with poor response to immunotherapy [52, 53]. TP53’s
impact on immunogenicity is also tissue dependent, which may be

Table 4. RFS from randomization for BRCAwt and other hub genes of significance.

Gene 1 Gene 2 Vigil median RFS (months) Placebo median RFS (months) Difference (months) N P-value HR

Vigil Placebo

BRCAwt PIK3CAwt 11.47 7.95 3.52 39 26 0.02 0.53

BRCAwt NF1wt 12.75 8.35 4.40 40 26 0.04 0.59

BRCAwt ARID1Awt 12.75 7.95 4.80 37 24 0.05 0.59

BRCAwt MYCNOSwt 13.67 5.72 7.95 27 17 0.03 0.47

BRCAwt MUTYHwt 12.75 7.95 4.80 38 27 0.03 0.56

Fig. 5 KM curves of TP53m-BRCAwt, HRP population from randomization. Vigil demonstrated RFS (HR = 0.26, p = 0.001) (A) and OS (HR =
0.33, p = 0.02) (B) from time of randomization in the TP53m-BRCAwt, HRP population.
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determined by differential gene expression within tissue types
[53–55]. This phenomenon may further explain mutant TP53
genotype’s association with improved response to Vigil immu-
notherapy in the ovarian cancer BRCAwt population. We did not
observe an independent beneficial effect of high TMB with Vigil
although evidence of detrimental effect of high TMB was suggested
in placebo patients, and reported by others [56]. Although
previously reported benefit in RFS and OS in BRCAwt patients was
not adversely effected by TMB [17].
In conclusion, despite sample size limitation, we demonstrate

proof of support for use of DNA analytical methods to separate
resistant and sensitive populations to Vigil. These techniques
create a robust approach to analyze how the nodal network
relationship between genes affects clinical response to Vigil
when used as maintenance therapy in advanced stage III/IV
resectable disease patients. These results are hypothesis
generating and warrant further investigation. Moreover, these
results further support novel use of network-based analysis to
identify other more sensitive gene targets and potentially
additional novel targeted therapeutic combinations with Vigil
and possibly other immunotherapeutics.
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