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Key definitions

Artificial Intelligence (Al)

Any technique enabling
machines to mimic human
cognition. In oncology: from
simple decision trees to
complex multi-modal models.

Generative Al

Models that generate new content rather than just
classify. Produce text, images, molecular
structures, and synthetic clinical data. Key
architectures: GANs, VAEs, diffusion models,

transformers.

Machine Learning (ML)

Algorithms that improve through
experience, learning patterns
from data instead of hand-
coded rules. E.g. treatment
response prediction, survival
models.
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Deep Learning (DL)

Neural networks with multiple
layers that excel at images,
sequences, and unstructured
data. Powers pathology
analysis, radiology, and
genomics.

Large Language Models (LLMs)

Trained on billions of text tokens to understand and
produce language. Can summarize records, draft

reports, and support clinical decisions. Examples:
GPT-4, Claude, Gemini, Med-PalLM.
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Precision medicine
(diagnostic, prognostic,

predictive)
Drug discovery Pathology
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Clinical trials (synthetic Artificial

arms) intelligence
(Al

Digital twins - (surgery, radiotherapy)

Clinical workflow

... Chatbots for patients
optimization




s SETTING THE STAGE

Why this matters now in GU oncology

Three forces are converging in oncology research.

1. Multimodal cancer data 2. Foundation models 3. Clinical research and care
are exploding changed the tooling need speed and flexibility

- Pathology, CT/MRI, Generative models and LLMs Precision oncology fragments
genomics, PSA/ctDNA, do not only predict - they populations, standard of care
longitudinal labs, and retrieve, summarize, create, evolves fast, and resistance is
outcomes are increasingly reason, and increasingly act dynamic. Static workflows are

linkable. through tools. increasingly mismatched.

b oW

The key shift: Al is becoming an infrastructure layer for cancer clinical research and
care, not just another isolated prediction model.
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mmmmmm CORE CONCEPTS

Four important concepts

Predictive model Generative model
Uses past examples Creates new content:
to estimate a future molecules, images,
outcome: diagnosis, text, trial summaries,
prognosis, response, synthetic records,
toxicity, eligibility... candidate designs...

Al agent

A model that can
reason over multiple
steps, use tools,
retrieve new
information, and act
on a workflow.

Digital twin

A dynamic patient-level
virtual representation
updated over time and
used for prediction or
simulation.

necessarily agents.

Common confusion to avoid: synthetic data are not digital twins, and chatbots are not
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s CLINICAL ANCHOR

A motivating case: when Al changed the therapeutic
hypothesis

[ Transcriptomic profiling ]
Young patient with carcinoma of T
unknown primary

[ Latent-space / classifier model 1

e 30-year-old patient ¥
e Rapid clinical deterioration, [ Predicted extra-renal renal carcinoma 1
abdominal mass, diffuse bone T
lesions

[ Immunotherapy + anti-angiogenic therapy ]
e Referred for suspected bone

sarcoma v

e Pathology: unclassified
carcinoma 2

e |nitial treatment hypothesis: Why open with this case? Because Al mattered by
pancreatic-type regimen? reframing the disease - not by replacing the

oncologist.

..... ary
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mmmmmm CORE CONCEPTS

Where Al can act across cancer clinical research

4 Y4 Y4 Y4 hY#

Target Translational Dose / . . Matching / Monitoring Ewdt?n.ce !
. . Trial design decision
discovery biomarkers schedule enrolment response
support
NS AN N\ AN AN J

The key message of today’s talk: Al is most interesting when it links these stages together,
not when it optimizes only one isolated prediction task.

e Upstream: find better targets, biomarkers, doses. E.g. RCC state biology, FGFR3 in bladder.

® Operationally: match patients to trials, adapt protocols. E.g. IO/TKI sequencing in mRCC.

. Longitudinally: model response and resistance. E.g. ctDNA/PSA monitoring, treatment
adaptation.
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mmmmm Al AGENTS
From LLMs to agents: when a model can use tools

LLM LLM + human 4 Agent O Multi-agent A
ARSWers a brombt Human chooses Model can call tools Specialized agents
P P tools and iterate collaborate
NS AN J

An agent is not just a chatbot. It can retrieve information, call software tools, inspect
outputs, and iterate over multistep tasks.

® That matters in oncology because useful work is rarely one-step text generation.

. Research workflows require databases, guidelines, pathology/radiology tools, protocol
documents, and often repeated reasoning.

I'I\'\'\IIIB Wil Wi vlvslvul wHIIVvw! v
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s Al AGENTS

A useful mental model: agents reduce the friction of tool-

heavy workflows

@ Human bicinformatics workflow b Workflow with agents

Faster iteration

» Disease agnostic s Disease agnostic

C Agent-based physical laboratory

/"

------- > In ———  Strategyagent ————————— Physical control agent —— lOu:‘.)-

Human / \ l @
Software tools /

Sensors Robotic actuators

Truhn et al.

» Natufe REVIEWR SRRGRE

: Human : Human
! Dastasal;-' ' bicinformatician ! Dﬂslaseut ' Agent bioinformatician
ll + Sma ! M+ SMa |
J ¢ Proprietary | + Respon Y ¢ Proprietary § +  Respon
J ¢ Curated T T el jl ¢ Curated [ 1 T SSPONSE
i Question Foundation Software i Question Foundation Software
L. model tools L. ; model tools
Dataset Dataset Agent
s Large Human s Large
+ Non-curated researcher + Non-curated

JC
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s Al AGENTS

Where agents could help in oncology research workflows

Literature and Protocol drafting Trial matching Tumour
41 Molecular report
guideline and amendment i . and pre- board
. interpretation i
synthesis support screening prep
~ Find, compare, Summarize Connect Reason over Create a
¢ andtrace rationale, variants and unstructured structured
evidence faster. criteria, signatures to charts and dossier.
endpoints, and knowledge protocol
design bases and criteria.
alternatives. therapies.
. Y

Best first deployment model: bounded tasks, traceable evidence, human oversight, and no
illusion of autonomous medical judgment.
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s Al AGENTS

O
Tumour-board agents and multimodal decision support BMUC
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What the Nature Cancer 2025 Agent pipeline
Stu dy Showed E'l knowledge database ) @ General purpose and demain-specilic medical tools

Medical guidelines Patient case —— Belect tools _

A multimodal oncology Al

agent used pathology, Ny — u .G:T:. )
radiology, web search tools, =V | T e o
and precision-oncology 6,000 oekdalie R W | ) ’*'3”-“*““1 - s
resources to support decision- /® e ® | owme o we |1
making on 20 realistic cases. - ? Send cuery o e
Ta:eterr'-tl&ddlnn W , .
\model {3-large) | Store LLM (@) —  Parallel — == gequential ==

/ ¥ agent N FubbAod quar
J — PubMed wcnad Eraptrrant I'I|1'Il'l'l‘ﬂ'|||?.'.|
Retriee Send inchude
contaxt I-.' ! ressults pmdbokogy gt
¥ ; Th CT mzan phovssy mchipls bver and

lung metariaee ..
3.'3'-"? !.'H.EN-'I Luifen @in
Responze , SRR p—— ﬂ 2005 1395: 02M2004: 3744
| WEE: probed 57 Vs calmzlmine (civin)
Taxt featura vactor j BRAF we i proh 03 T Do i i il by PO
T RS W it peob 48 Pcicie: prograssivn denass

Ferber et al., Nature Cancer 2025
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Al AGENTS

Multi-agent framework for oncological treatment

decisions

In —— Strategy agent

/
.

D
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Information sources

|

Information curation agent

Knowledge base \
Summary agent —— > Response

i

Coordinator agent

1

Clinical reasoning agent «<——— Data analysis agent

| ] 1

er clinical research

Image analysis models
Patient Clinical

preferences history

‘ Radiology imaging ‘ ‘Pathology imaging‘
Truhn et al., Nature Reviews Cancer 2026
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Trial matching: one of the most tangible near-term use cases

Why this is hard

Patient Eligibility .
e Eligibility criteria are chart abstraction Rankc-?d trial
buried in long protocols + genomics and reasoning options

e Relevant information
. livesin free text and
unstructured reports
e Biomarkers, prior lines,
washout periods, and
sequencingrules
interact
e The decision window is
often short

What a good matching tool should do

Not merely keyword search. It should retrieve relevant trials,
reason over structured and unstructured eligibility criteria,
explain why a patient is or is not a fit, and preserve human
oversight.

UC
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TrialGPT: a concrete example of LLM-assisted patient-to-trial

matching

Matching

Retrieval Ranking

Why this paper is useful for teaching

It breaks the task into clinically
intuitive steps: find candidate trials,
reason over each criterion, then
generate a trial-level ranking.

relevant trials
recalled using
<6% of the
initial
collection

( 87.3% )
criterion-level
matching
accuracy in
manual

\_ evaluation /

But remember the realism check

Benchmark success is not the same as clinical
deployment. Workflow integration, updated trial
databases, chart quality, and supervision still determine
real-world value.

(" -42.6% )

screening
time in the
user study

- J

C
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mmssmm DIGITAL TWINS AND SYNTHETIC DATA

Digital model vs digital shadow vs digital twin

Digital model Digital shadow Digital twin
Standalone simulation Patient updates the model Bidirectional, dynamic,
No ongoing connection to But the model does not predictive
the patient feed back Used to inform decisions
/ ) 4 )
Physical -> Digital: v Physical -> Digital: v
(G J o J
4 N 4 N
Digital -> Physical: X Digital -> Physical: v
- J - J
[ Dynamic updating: [ )
. L ) Dynamic updating: Yes
| Monitoring | | )

e

This distinction matters because much of the current literature uses “digital twin” more
loosely than the strict definition allows.
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mmmmm DIGITAL TWINS AND SYNTHETIC DATA JO
What a cancer patient digital twin is trying to become BMUC

iplinary
Cancers
Real patient Digital twin
The patient and the tumour from which The virtual representation composed of models describing
data are gathered using various clinical tempaoral +/- spatial characteristics of the patient and tumour
assessments to inform the digital twin with dynamic updates using data from the real world patient
« Imaging R I Simulations of
Continued = Lab tests Sy o ¢ Vg potential treatments
assessments « Clinical RN can generate
assessments I predictions of
; = Laboratory tests = L7 . . outcome and in turn
vvuaQ Data collection = Biosensors J NN A Simulations can be optimized to
+ Patient-reported - () determine the most
P -~ outcomes =" - <k, ~ favorable treatment
it _ - " S AN options
1 Tee - W <A A YN 1
] S~ =" ar | LR 3
I‘ -n"":T‘*"'-. _‘ .- _- | " '. ‘_ {3 Modelling
‘ S T e N A7 o A
i“ - - Human and digital it - LS 1 r | 't
< - twin interaction S=s . — s
I rrrerrid A\Y, ® T i A range of models
AL Xl may be used and
Utilizing the simulated predictions and related LY 7 2 potentially integrated.
uncertainties, the clinician and patient can o o MNewly acquired data
' Treatments make informed clinical decisions around Data intearation are assimilated and the
treatment and also the clinical assessments, d assi g.l . models are calibrated,
which affect the data informing the digital twin and assimilation updated and estimated
Fig.1| Example of a digital twin of a patient with cancer and the tumour. +/-, and/or; VVUQ, verification, validation and uncertainty quantification. Adapted with
: Most current systems
Ashgar et al., Nature Reviews Cancer 2025 y
are not here yet
35
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BN DIGITAL TWINS AND SYNTHETIC DATA

Synthetic data: useful, but not the same thing as a digital twin

What synthetic data are Main uses How they should be evaluated
Artificially generated data Data sharing Fidelity: do they preserve the right
designed to mimic the Benchmarking distributions and relations?
statistical structure of real Augmentation Utility: do they behave correctly
cohorts while reducing direct Method in downstream tasks?

disclosure of real patient development Privacy: do they avoid re-

records. identification risk?

Synthetic data are cohort-level surrogates. A digital twin is a patient-level dynamic
model. These are not interchangeable concepts.

IJ DCT Iinarg
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DIGITAL TWINS AND SYNTHETIC DATA

Synthetic control arms: evidence from
oncology trials

Growing proof-of-concept evidence that Al-generated controls can replicate real trial outcomes.

AML — Eckardt et al. 2024 (npj Digit Med) Colorectal — Azizi et al. 2021 (BMJ Open)

Synthetic data from 4 pooled AML trials closely replicate real Synthetic controls replicate key findings of the phase IlI

disease biology and outcomes using CTAB-GAN+ and NO0147 trial (FOLFOX * cetuximab). High correspondence in

Normalizing Flows. Prognostic variables overlap with real hazard ratios and significance levels vs. original secondary

IPSS-M discovery cohort. analysis.
|

NSCLC — Elvatun et al. 2025 (PLoS Digit Health) Breast — El-Kababiji et al. 2025 (JMIR)

6 generative models compared. PrivBayes and CTGAN
closely match real survival curves and treatment effects.
Performance degrades after ~¥25 months — a known
limitation of sparse late data.

9 fully recruited breast cancer trials. Synthetic patients
trained on early enrollees reliably reproduce full datasets,
mitigating slow accrual and underpowered analyses.

Fidelity, utility, and privacy must all be assessed. Synthetic controls should ideally be generated by an
independent party to prevent conflicts of interest (Eckardt et al. 2026).




s DIGITAL TWINS AND SYNTHETIC DATA
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Synthetic control cohorts: promise and pitfalls for trials "BMUC
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@ Synthetic data generation
Data source

Potential value: rare

Data output .
. . . tumours, recruitment
Data modalities Quality control ' : ® con St a | ntS ) re d uce d
* Electronic Synthetic data ¢ Privacy Fine-tuning and i ]
B cooton IR cfrement » control-arm burden, method
o Laboratory « Fidelity testing
values' . Perfqrmance d eve lO p men t .
» Genetic data metrics :
Patient population Quality-controlled synthetic cohort
b control cohort augmentation € Control cohort substitution M aJ orris kS . CO nfo un d In g’
. . dataset shift, temporal drift,
o hidden bias, and
| | overconfidence in
10011 100+—T1T
i b , o0 | “replacement” of
T e S I 2 L‘; ,‘ ittt M I go01 ’"’1‘ randomized evidence.
@ 407 — @ 40 -
o g 0 e ;”‘ o 9 & - i Most realistic role today:
° Time ° Time supporting evidence
o s i it . generation, augmentation,
= - and simulation - not magic
Investigational cohort Investigational cohort

substitution for rigorous trial
design.
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s VALIDATION AND REALISM

From hype to evidence: crossing the “Al chasm”

Retrospective External Workflow Prospective Patient / trial
signal validation integration evaluation impact

Why many models fail to What future winners will have

What prospective reality adds

cross it in common
Single-center data User behavior External validation
Poor transportability Automation bias Traceable evidence

Time pressure
Interoperability constraints
Governance requirements

Silent dataset shift
Messy real-world inputs

Human oversight
Clinical workflow fit
Measured benefit

We should be optimistic — but disciplined. In oncology, the real question is not “Can
Al do this?” but “Has it been validated where it matters?”
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mmmmmm CONCLUSION

Take-home messages

1 2 3 4 5
Al is shifting from The most GU oncology is Agents will Validation
isolated immediate especially Al- probably arrive in matters
prediction models therapeutic ready: bounded most.
¢ toward an impactis multimodal, workflows before
infrastructure upstream: drug longitudinal, true patient digital
layer for cancer development, biomarker-rich twins arrive in
research. dose data across RCC, routine practice.

optimization, and prostate, and
trial operations. bladder.

Inspirational but realistic conclusion: expect better copilots, smarter matching, more
adaptive trial systems, and richer model-informed development well before fully
autonomous oncology.
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