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1. The reality today




Druggable genome and precision medicine in cancer:
current state

) 4
Cdk4/6 inhibitors: palbociclib,

ribociclib, abemaciclib
Proteasome inhibitor:
bortezomib
i

Microtubule inhibitors:
belantamab mafodotin-bImf,
paclitaxel, ...

EGFR inhibitors

J

(CAR T-cell therapy: tisagenlecleucel, e
axicabtagene ciloleucel, ...
Bi-specific T-cell Engager (BiTE):
blinatumomab
CTLA4-blocking antibody: ipilimumab
\PD-l/PD-Ll inhibitors )

(Cancer metabolism drugs:
enasidenib

mTOR inhibitors:
everolimus, temsirolimus

@hibitors of aerobic glycolysis )

ProapOthtic' a'gen“: HALLMARKS E% :_-'E Telomerase inhibitors?
\?:rl;;c:;:?tor OF g %;* E Senolytic agents?
CANCER -

Immunomodulatory drugs (IMiDs):
thalidomide, lenalidomide,
pomalidomide

Anti-inflammatory agents:

PARP inhibitors:
olaparib, rucaparib,

niraparib, talazoparib P V-
X
\_ W,
F . A (Inhibitors of EGFR, PI3K, VEGF, E
Inhibitors of VEGF- and FGF-
driven angiogenesis: HGF/c-Met, ...
e iy Antibody-drug conjugates:
lenvatinib, ziv-aflibercept, :
S : ado-trastuzumab emtansine,
erdafitinib, bevacizumab, ... TP
\_ _J \_ s J

The FEBS Journal, Volume: 288, Issue: 21, Pages: 6142-6158, First published: 24 February 2021, DOI: (10.1111/febs.15788)



The Personalized Medicine Approach

The resuits will
The patients determine the best

are examined Biomarker treatment for each
and analysed diagnostics patient
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https://www.efpia.eu/about-medicines/development-of-medicines/precision-medicine/



2. One sample - Many
decisions




The Clinical Scenario

At the start, we only have one biopsy with many unknowns, and therapeutic decisions
depend on multiple biological dimensions

Patient Journey starts (Day 0): Patient comes to a consult with a lung node and
high suspicion of malignancy. The node is biopsied and sent to the pathologist

N~ Piece 1 Arrives (Day 5): Pathology confirms it is Adenocarcinoma..

;) TThe oncologist starts standard chemotherapy immediately

4
p’ Piece 2 Arrives (Day 14): IHC for PD_L] testing comes back negative. ICl Is

‘ not indicated.

\ ~O’ - \ Piece 3 Arrives (Day 45): Molecular testing results show an EGFR

mutation. The doctor switches to a targeted inhibitor (Osimertinib)

The Result: The patient suffered side effects from the initial treatment,
and the healthcare system paid for a drug that wasn't the best fit.



A piecemeal approach for patient diagnosis and
treatment

Instead of having a "Holistic" view (Morphology + Lineage + Genetics) at the
start, the doctor gets different pieces at different times

Multiple tests, separate _6. §
- -
Refers to NSCLC and

outputs 'FI_”l!) 113 ‘*.!) — ﬁ — e
Cenomics, pathology, PCP orED Suseon!  pamoags ! Prgve s
maging, immunology s O e
Reports not designed to ‘j:;a. ot csus e ROS1 BRAF
speak to each other - v

Re-biu:;p!s',«' or liquid

Jlopsy

Physicians are forced to L
ma ke deCiSiOnS based On »:ﬂ{-—— Mo response Therapy response F'mgre;fﬁgrin sofid
the "pieCe" they have |ﬂ I } Monitoring *

front of them, often having I T
5 . . testing

to revise that decision later

when a new piece arrives.

https://www.diaceutics.com/articles/inefficiencies-in-the-non-small-cell-lung-cancer-
patient-diagnostic-pathway-block-precision-medicine-benefits



The Core
Problem: The
Bottleneck of
Sequential
Testing

Loss of Tissue

Repeated testing leads to "insufficient
tissue" for critical profiling

Loss of Time

Sequential testing creates a significant
time stack. Critical results arrive weeks
later, delaying and often subverting
optimal first-line therapy

Loss of Opportunity

Information arrives too late to influence
the initial, critical therapeutic choices.
Decisions become "piecemeal," based
on partial truths, leading to non-ideal
first-line treatment.

Loss of Discovery

Heterogeneous testing, variable results, and siloed data
prevent feedback into the learning loop.

Actionable insights and novel biomarkers are lost due
to non-requested and non-integrated information.



3. The Opportunity



From fragmented testing to integrated biological
insight

Current workflows treat histology, genomics, and immune profiling as
Isolated processes. This results In diagnostic delays, iIncomplete biological
understanding, and suboptimal first-line decisions

e MOLECULAR TESTING
(PCR, NGS, WES/WGS)

S BN o
NNy /
i

FUSION ASSAYS
MSI, TMB, ctDNA COMPANION TESTS
THERAPEUTIC IMPLICATIONS

Integrated reporting
transforms one biopsy into a
complete therapeutic map,
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Image created with Gemini 3.0 for this presentation



Integrated multi-omics pipeline from a single sample

INTEGRATED EXTRACTION & ANALYSIS PIPELINE
| |

PHENOTYPE RNA-SEQ
(RNA) —> GENE EXPRESSION

L —F HOLISTICTUMOR
E PROFILE :
- (INTEGRATED DATA LAKES)

GENOTYPE DNA-SEQ (TUMOR vs. NORMAL) : T E——

TUMOR SAMPLE

(SINGLE BIOPSY) :

(DNA) — MUTATIONS, CNVs
%
(ngﬁﬂ?q éﬁ%’%iu IMMUNE STATE ~ RNA DECONVOLUTION TOOLS

(TUMOR COMPOQSITION) — IMMUNE INFILTRATION, TME

TARGETED IMMUNOTHERAPY ANTIBODY-DRUG CELL CANCER
THERAPY CONJUGATES (ADCs) THERAPIES VACCINES

TREATING DECISIONS AS INTERCONNECTED, ALIGNED WITH BIOLOGY

Image created with Gemini 3.0 for this presentation



4. Subtype and pathway
characterization




SU btype an d Biological insights

What biological programs define this

®
pathway discovery
o o
from transcri pto MicC D Clinical meaning
- -2 Does the phenotype align with known
p rOf I Ies oA ol clinical subtypes?
+ |—
Genom.lc alterations alone do P 90
not define tumor phenotype. i Ly <<
. . T Pl (e o < oredict
Transcriptomic profiles offer a TR0 ‘& rognosis prediction
i i i T : Can expression patterns differentiate
functional view of dominant S Tmiiu ZQ“ = clinical risk?
pathways and biological &, o o o
programs \I’ Decision making
j o:.‘ > - Which pathways are active and potentially
%ﬁ) targetable?
20 ¢

Stratification and trial design

Can expression-based groups inform
patient selection?



Predicting clinically relevant subtypes from
transcriptomic data

We applied evolutionary
search methods to large-
scale RNA datasets to
Identify expression patterns
assoclated with clinical
outcomes across multiple
cancer types

Biginfarmatics, 36(20), 2020, 5037-5044

doi: 10,1093 bioinformatics/btaablg

Advance Access Publication Date: 8 July 2020
Original Paper

OXFORD

Gene expression
Galgo: a bi-objective evolutionary meta-heuristic

identifies robust transcriptomic classifiers associated
with patient outcome across multiple cancer types

Guerrero - Giménez et al 2020, Bioinformatics
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Subtype-specific biology in glioblastoma

In glioblastoma cohorts, transcriptomic subtyping identified groups with
distinct biological programs and survival patterns, providing insight into
disease heterogeneity.

SphereBio Glioblastoma Subtypes - Validation Set Gene Set Enrichment Analysis by subtype

Strata Subtype 1

= Subtype 2

Subtype 3
100% -

75% -

50% -

Overall Survival

25% -
° p = 4e-04

0% -

Subtype 2 [

Negative regulation of leukocyte activation

Cytokine production

Regulation of production of molecular mediator of immune response
Double—strand break repair via homologous recombination

Response to molecule of bacterial origin

Antigen processing and presentation of peptide antigen via MHC class |l
Positive regulation of cytokine production

Activation of plasma proteins during acute inflammatory response
Activation of MAPK activity

Antigen processing and presentation of peptide antigen via MHC class |
MAPKKK cascade

Myeloid leukocyte activation

Response to reactive oxygen species

AS CO ABSTRACT
ocumonrons  #482222

Al-driven transcriptomic classification of
glioblastoma: Associations with survival and
tumor microenvironment.

Juan Manuel Fernandez-Muroz, Roman Oberti,
David A. Reardon, Francisco Quintana, Guido
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Time (days) %‘ g 2 0 4 Fernandez-Mufoz et al 2025, ASCO
73] )] Row Z-Score
GAGE Analysis Conference

Gene set enrichment highlights processes including angiogenesis, immune response, and DNA repair,
consistent with known glioblastoma hallmarks and offering hypotheses for therapeutic exploration.



5. Understanding the tumor
microenvironment



The tumor microenvironment as a determinant of

response
Tumors exist within a complex iImmune and stromal ecosystem.

r ( -\ Which cells are
- present?

‘ In what proportion?

In which functional
s state?

The balance of effector, suppressive, and structural elements influences progression, resistance, and
therapeutic response.



Inferring immune composition and state from

expression profiles
Bulk transcriptomic data can be deconvolved to estimate the relative

abundance of Immune and stromal populations and infer functional states.
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White et al, [Guerrero - Gimenez - coauthor] Nature Communications 2024



B ESHVCTEA AN Commuhnity assessment of methods to deconvolve
cellular composition from bulk gene expression

DREAM Challenge

A regression-based approach (DA_505) was evaluated for immune and stromal
INnfiltration inference from bulk gene expression data.
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The Tumor Microenvironment of Glioblastoma

INn analyses of glioblastoma cohorts, this approach identified subgroups with
differing Immune Infiltration patterns, providing Insight Into tumor
heterogeneity and associations with patient outcomes.

Subtypes Tumor Microenvironment

CD4 Tcells CD8 Tcells Monocytic lineage

) . : AS CO ABSTRACT
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These profiles offer a framework to explore therapeutic hypotheses, including the potential role of
Immunotherapy in tumors with higher immune cell presence



6. Tumor mutational profile



Understanding the tumor mutational profile

Different types of genomic alterations carry distinct biological and clinical implications

Which alterations drive tumor Which alterations are Which alterations confer
behavior? clinically actionable? resistance or susceptibility?
IDH1/2 (glioma), TERT promoter EGFR, HER2, ALK, BRAF, KRAS (anti-EGFR), EGFR
(GBM), BRCA1/2 (HRD) NTRK T790M (TKI), POLE (ICls)
POINT MUTATIONS INSERTIONS / DELETIONS COPY NUMBER VARIATION GENE FUSIONS

C A G (U"] .
_ W  to?
= i - i

hJ e Amplify
signaling

Create
Neo-functions

Activate/lnactivate
Pathways

Frameshift & Protein Loss

Not all genomic alterations carry the same weight—some define phenotype, some create
therapeutic opportunities, and others drive resistance

Image created with Gemini 3.0 for this presentation



Genome sequencing and mutation detection

High-throughput sequencing generates raw reads that require quality control,
alignment, and variant calling to identify genomic alterations.

These alterations are then classified by biological impact, clinical actionability, and
potential resistance or susceptibility.

>NG 008679.1:5001-38170 Homo saplens palred box 6 (PAX6)

ACCCTCTTTTCTTATCATTGACATTTAAACTCTGGGGCAGGTCCTCGCGTAGAACGCGGCTGTCAGATCT
GCCACTTCCCCTGCCGAGCGGCGGTGAGAAGTGTGGGAACCGGCGCTGCCAGGCTCACCTGCCTCCCCGC
CCTCCGCTCCCAGGTAACCGCCCGGGCTCCGGCCCCGGCCCGGLCTCEGGEGCCCGCEEEGCCTCTCCGCTG

(= (7,
Input: Raw Trimming & Alighnment to

Sorting & Quality Score Variant
Indexing Recalibration Calling

Output: VCF
Files

VEHERLES))

Sequencing Quality Reference
Files Check Genome

#LHRUM PUS 1n REF ALT QUAL FILTER 1INFU FURMAT NABEEE1 HABGEL L NABEEE =

28 14378 rso6B54257 G A 29 PASS N5=3,DP=14;AF=8.5;DB ;H2 GT:GQ:DP:HQ ©|©:48:1:51,51 1|©:48:8:51,51 1/1:43:5:.,.
28 17338 . T A 3 qle N5=3;DP=11;AF=068.6817 GT:GQ:DP:HQ ©|©:49:3:58,508 ©|1:3:5:65,3 B/6:41:3

28 1118696 rsoB48355 A G,T e/ PASS NS=2;DP=108;AF=0.333,0.667 ;AA=T;DB GT:GQ:DP:HQ 1|2:21:6:23,27 2|1:2:0:18,2 2/2:35:4

28 1238237 T 47 PASS NS=3;DP=13;AA=T GT:GQ:DP:HQ ©|©8:54:7:56,60 6|9:48:4:51,51 8/6:61:2

28 1234567 microsatl GTCT G,GTACT 58 PASS N5=3;DP=9;AA=G GT:GQ:DP B8/1:35:4 @8/2:17:2 1/1:46:3

The value lies not in detection alone, but in interpretation for clinical context



Interpreting detected variants in clinical context

Functional annotation of detected variants helps distinguish biologically
relevant, actionable, and resistance-associated alterations

1. MSI (+)

2. TMB 69.00 mutations/Mb

3. somatic variants (15) Gene function Annotation
NF1: pPoe78fs*10 Tumor suppressor Pathogenic
TP53: pR273C Tumor suppressor Pathogenic
CREEBD: pl1084fs*15 Transcriptional activation No evidence
MEN1: pR521f5*43 Tumor suppressor Pathogenic
MS5H6: pF108Bis*5 Mismatch repair No evidence
ARIDZ: pL97P DNA binding protein VUS

CDE4: pN415 Cell cycle regulation VUS

ERBB3: pH584N Growth factor VUS

EREB4: pH1118R Growth factor No evidence

MSI positive + Very high TMB (69/Mb) - Supports Immune Check Point Inhibitors
Other detected variants provide biological context but lack current clinical actionability

Mounai et al 2023, Case Reports in Oncology
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7. Immunogenicity prediction




Which mutations matter to the immune system?

Only a fraction of tumor mutations result in peptides that are processed, presented
by MHC molecules, and recognized by T cells.

CD4 T cell ~ —
\

/”

MHC Exogenous
class Il f?:» antigen MHC class |

Antigen in

@/’ @ the cytosol
| O l
o
Q %Proteasome
Endosome

Dendritic cell

OOOAntlgenlc
Predicting which altered 4 N\ 00 peptide
e | A28
’ e

IMmmMmune activation is central

to immunotherapy and
vaccine design. K cell / Figure modified from Kobayashi and van den Elsen, Nat Rev 2013




Immunogenicity Prediction

Genomic data can be analyzed to predict candidate nheoantigens by modeling
peptide processing, MHC binding, and T-cell recognition potential.

Imput Data High-value
(Genomic / Protein Therapeutic
Sequences) antigens
« Whole genome - ldentification of - Peptide affinity and - Simulate immune - Validated epitopes
sequencing candidate stability prediction cell response / neoantigens
. RNA sequencing immunogenic - Top binders - Identify potent « Accelerate vaccine
, peptides prioritization immunogens & immunotherapy
- Proteomic data - High-throughput R&D

prediction

These predictions help prioritize which alterations may generate biologically meaningful immune
responses.



Why tumor antigens matter
Tumor antigens provide the immune system with molecular differences that

distinguish cancer cells from normal tissues.

ENABLE SELECTIVE
TARGETING

HEALTHY MALIGNANT
TISSUE CELL

Immune responses can focus on
malignant cells while sparing
healthy tissues.

SUPPORT MULTIPLE
THERAPEUTIC MODALITIES

VACCINES ADOPTIVE T CELL ANTIBODY-BASED
THERAPIES APPROACHES

Used in vaccines, adoptive T cell
therapies, and antibody-based
approaches.

PROVIDE IMMUNE MEMORY
AND SURVEILLANCE

LONG-LIVED
RESPONSES

MEMORY
IMMUNE CELL

The immune system can prevent
recurrence through long-lived
responses.

These differences can be leveraged to enable selective and durable antitumor immune

responses.

Image created with Gemini 3.0 for this presentation



8. Individualized cancer
vaccines: A future alternative?




Cancer immunotherapies

Tumor-targeted therapies Systemic immune activators

— Cytokines / Immune agonists
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Tumor heterogeneity limits single-target immunotherapies — not every tumor
expresses the same target, even within the same patient




Cancer Vaccines: The Individualized Workflow
Each tumor contains its own set of potential immune targets.

Individualized vaccines turn those targets into tailored immunotherapies.

Personalized cancer vaccines manufacturing
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Sample collection Sequencing Prediction Target selecfion & design MRNA synthesis LNP formulation QC & release Dispatch Patient Treatment
of personalized mRNAs tests

—“

Individualized vaccines aim to convert the tumor’'s unigue mutations into precise immune
targets, creating a therapy as unique as the patient.



Personalized cancer vaccines in high-grade glioma
Recent trials demonstrate that patient-specific neocantigen vaccines can

elicit CD8+ responses and improve survival in selected glioma patients

Vaccine
n administration
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0.004
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Insights from Dr. Reardon Research

Keskin et al. 2018, Nature

Latzer et al. 2024, Nature Commmunications

=~ our data, immunological Non-Responder == our data, immunological Responder




9. An integrated diagnostic
and therapeutic approach



A unified model for diagnosis-to-treatment decisions

Modern oncology is moving from parallel diagnostic outputs to integrated
decision frameworks with clinical outcomes feeding back into the model,

refining future diagnoses and treatment decisions.

FEEDBACK LOOP: REFINING FUTURE DECISIONS
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r R
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FEEDBACK LOOP: REFINING FUTURE DECISIONS

Image created with Gemini 3.0 for this presentation



10. Limitations & future
perspectives



Intratumoral heterogeneity drives immune escape

and relapse
Diverse subclones within a single tumor evolve independently, enabling

Immune escape and reducing the durability of targeted therapies
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Andor et al. 2015, Nature Medicine

Yue-Chun Fu et al. 2025, Cancer Cell International

A small set of tumor antigens is not sufficient to control
advanced, highly heterogeneous tumors



Current vaccine platforms cover only a fraction of

tumor antigen diversity
Most personalized vaccines Include <40 targets, which may be

Insufficient In  tumors presenting hundreds of heterogeneous
neoantigens

50+

R*=0.4374
P = 0.0007
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Current personallzed cancer vaccine platforms
Only see the tip of the iceberg of tumor antigen diversity

Single-nucleotide variants

’

: Mutations and

' rearragements Currer“:' Between 1 and 40
Insertions and deletions in the exome neoantigen e Lo

R vaceinee —>Prediction —— target sequences

Gene fusions ?

per patient.

Aparicio et al. 2024, Human Vaccines &
Immunotherapeutics

Kina et al. 2025, Trends in
Genetics

Merlotti et al. 2023, Science
Immunology

Raja et al. 2025, Science
Advances

Altered splicing

Non-canonical splicing

A to | RNA editing

Alternative reading frame (altORF) antigens
Non-coding region-derived peptides

Non-canonical translated antigens

Peptide

Post-translation:

ALTERATIONS IN RNA PROCESSING

ALTERATIONS IN TRANSCRIPTION
AND TRANSLATION

the dark genome

Cryptic antigens

POST-TRANSLATIONAL
ALTERATIONS

NON-PEPTIDIC
ANTIGENS




7 4
OncoSpheres™ — A personalized cancer vaccine

derived from the patient’s own tumor

A proprietary manufacturing process to generate antigen-rich vesicles that
naturally package the full complexity of tumor antigens, including cryptic,
patient-specific, and heterogeneous targets, delivered directly to APCs

OncoSpheres™
Cancer Vaccines
SphereCell-Line

Patient
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Patient Tumor Proprietary method

Sample Patient Tumor Lysate

High Yield & Fast
Production

Full antigenic landscape Built-in endosomal escape Rapid manufacturing & scalable
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