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Introduction: Addressing Late-Onset Toxicity in Early-Phase Trials

* Late-onsettoxicities remain a major challenge in early-phase trials, particularly with targeted
therapies.

* Existing dose-finding designs (CRM, TITE-CRM, Rolling 6) struggle with delayed events, censored data,
and fragile model assumptions.

* Bayesian simulation methods using posterior predictive probabilities offer stronger tools for
anticipating future toxicity risk.

* Predictive metrics enable proactive safety oversight, including formal stopping rules and accrual
suspension.

* Emerging Al-driven adaptive Bayesian models dynamically update parameters to improve prediction
accuracy for late-onset toxicities.



What We Investigate in This Work

* We examine how traditional designs (CRM, TITE-CRM, Rolling 6) behave under realistic late-onset
toxicity patterns.

* We assess Bayesian simulation techniques that use posterior predictive probabilities to evaluate
safety, accrual suspension, and overdose control.

*  We compare limitations of current approaches when toxicity is delayed, outcomes are censored, or
follow-up isincomplete.

*  We explore Al-driven adaptive Bayesian models (BNN, GP hazard models, RL-based dose escalation)
that update toxicity predictions dynamically as new partial and full data arrive.



Adaptive and Traditional Dose-Finding Approaches

START
/ Enroll first patient(s) at starting dose \
v
CRM TITE-CRM Rolling 6

1. Treat one patient (or small cohort) at the
current dose.

2. Wait for the full toxicity assessment
window to finish.

3. Record whether toxicity occurred
(requires complete follow-up).

4. Update the model’s estimate of toxicity
risk at all doses.

5. Select the dose whose estimated risk is
closest to the target.

6. Treat the next patient at the updated
recommended dose.

7. Repeat steps 2-6 until trial completion.

1. Treat one patient (or small cohort) at the
current dose.

2. As follow-up progresses, assign a “weight”
based on how much of the toxicity window
has elapsed (partial information allowed).

3. Combine weighted partial outcomes with
completed outcomes.

4. Update the model’s estimate of toxicity risk
at all doses.

5. Recommend the next dose using the
updated estimates.

6. Continue enrolling patients without waiting
for full follow-up.

1. Enroll up to six patients concurrently at
the same dose level.

2. Allow patients to be treated even if earlier
patients have not completed follow-up.

3. Count the number of observed toxicities
among the six patients.

4. Apply simple rules:

- Few or no toxicities — escalate

- Moderate toxicities — stay

- Many toxicities — de-escalate

5. Repeat the process at the next dose level.

Key Feature: Uses complete data only;
cannot incorporate partial follow-up.
Limitation: Slow or unsafe when toxicities
occur late and many outcomes are still
pending.

Key Feature: Incorporates partial follow-up;
supports continuous accrual.

Limitation: Performance depends on
assumptions about how toxicity risk builds
over time; sensitive to misspecification.

Key Feature: Fast accrual; simple
rule-based structure.

Limitation: Does not model toxicity risk;
unsafe when toxicities occur late because
many patients may be treated before the
first toxicity appears.




Bayesian Simulation Techniques

* Usesrepeated simulated trials to see how a design performs under real-world conditions
like delayed toxicity and partial follow-up.

* Posterior predictive modeling forecasts future toxicities, helping define stopping rules, dose
changes, and accrual pauses.

* Clarifies assumptions in CRM, TITE-CRM, and similar designs, showing when they may be
too aggressive or too conservative.

* Supports designs such as Joint TITE-CRM and TITE-BOIN12 by evaluating safety and efficacy
risks at each interim look.

* Enhances traditional methods by making dose-finding decisions more transparent,
calibrated, and saferin the presence of late-onset events.



Traditional Designs vs. Bayesian-Enhanced Approaches

Design/
Approach

CRM

TITE-CRM

Rolling 6

Joint TITE-CRM /

TITE-BOIN-type
designs

Coreidea

Model-based dose-
toxicity curve
updated as
outcomes accrue

Extends CRM with
time-to-event
weighting for partial
follow-up

Rule-based design allowing u
p to six
patients per dose

Bayesian time-to-
event models with
predictive decision
rules

How it handles
late-onset toxicity

Requires mostly complete DLT da
ta; struggles with many pending
outcomes

Uses weighted partial

data; still sensitive to assumption
s about risk

over time

Does not model time-to-event; vu
lnerable when toxicities are late

Explicitly model late-onset toxicit
y (and often

efficacy) over multiple

cycles

Role of Bayesian
simulation

Used to calibrate priors, assess s
afety, and

quantify operating
characteristics under

delayed events

Simulation evaluates
different weighting
schemes, accrual
patterns, and
misspecification
scenarios

Simulation highlights

risks of overdosing and motivates
more

advanced designs

Simulation central to

design: calibrates rules, evaluate
s safety/

efficacy trade-offs, and

tunes predictive

thresholds

Typical use case

Early-phase trials
with relatively short
DLT windows

Trials with multi-cycle or delay
ed toxicities where model-bas
ed

design is acceptable

Pediatric or simple
settings with
expected early
toxicities

Modern

immunotherapy/

targeted trials with

late-onset safety and activity o
utcomes



Posterior Predictive Probabilities

» Estimate future toxicity risks using all available data, including partial or censored follow -up.
* Simulate possible outcomes at each dose after updating the Bayesian dose-toxicity model.

* ldentify risks such as DLT occurrence, exceeding safety limits, or violating toxicity-control
rules.

* Enable real-time decisionsin designs like TITE-BOIN12, even when many patients have
incomplete follow-up.

* Improve safety in late-onset toxicity settings by accounting for uncertainty in outcomes that
have not yet occurred.



Bayesian Simulation Overlay on Dose-finding Designs

START
Enroll first patient(s) at starting dose

'

STEP 1: OBSERVE FOLLOW-UP DATA
Bayesian overlay:

- Begin building a Bayesian model of toxicity timing.
- Incorporate partial, censored, and complete outcomes.

- Initialize posterior distributions.

/

STEP 2: HANDLE PENDING OUTCOMES
CRM: Needs complete data.
TITE-CRM: Uses weighted partial data.
Rolling 6: Ignores pending outcomes.

STEP 3: UPDATE RISK ASSESSMENT
CRM: Updates model with complete outcomes only.
TITE-CRM: Updates model with weighted partial +

complete outcomes.

/

Bayesian overlay:

- Dynamically update posterior distributions as
new data arrive.

- Recalibrate model parameters using
simulation-based diagnostics.

- Adjust priors or weighting functions based on
predictive performance.

Rolling 6: Applies simple rules; no modeling.

\ 4

STEP 4: DOSE DECISION RULES

Bayesian overlay:

- Use posterior predictive probabilities to
estimate toxicity risk for patients still in follow-up.
- Simulate future outcomes under different

assumptions about toxicity timing
- Quantify uncertainty from delayed events

Bayesian overlay:
- Compute predictive probabilities of excessive

toxicity at each dose.

- Simulate next-patient outcomes to evaluate
escalation safety.

- Apply simulation-based decision rules (e.g.,
overdose control, accrual pause).

CRM: Choose dose closest to target toxicity.
TITE-CRM: Choose dose using time-to-event
model.

Rolling 6: Apply rule-based escalation/de-
escalation.

\4

Bayesian overlay:

- Continue real-time updating of posterior and
predictive distributions.

- Re-run simulations as new partial follow-up
accumulates.

- Adaptively refine dose recommendations

STEP 5: TREAT NEXT PATIENT(S)
All designs proceed with the recommended dose

throughout the trial.

v
LOOP




Artificial Intelligence (Al)-Driven Adaptive Bayesian Models for
Late-onset Toxicities

Combine machine-learning flexibility with Bayesian updating to handle delayed and censored toxicity data.

* Learn nonlinear, multi-cycle time-to-event patterns that fixed models like TITE-CRM cannot capture.

Continuously update dose—toxicity estimates as new partial or complete outcomes arrive.

* Improve safety, stability, and decision-making in modern oncology trials with late-onset events.

Provide a more adaptive and data-responsive framework for early-phase dose finding.



Three Al-Bayesian Approaches & Why They Outperform TITE-CRM

Bayesian Neural Networks (BNN)

* Learns nonlinear toxicity-time patterns using Bayesian neural network weights.

* Continuously updates posterior over weights as partial and full follow-up arrive.

* Captures delayed or heterogeneous toxicity trajectories better than TITE-CRM.

Gaussian Process (GP) Hazard Models

* Places anonparametric Gaussian Process prior on the hazard function.

* Learns smooth, flexible, possibly multi-phase hazard curves over dose and time.

* Naturally incorporates censored observations and late-onset toxicity.

Reinforcement Learning (RL) / Contextual Bandits

* Treats dose escalation as a sequential decision process.

* Maintains Bayesian beliefs about toxicity/effectiveness of each dose.

* Balances exploration vs. exploitation, selecting doses that optimize safety and efficacy.

* Uses posterior predictive probabilities to assess overdose risk for patients still in follow -up.
Key Advantage Over TITE-CRM

* Noreliance on fixed hazard structure or predetermined weighting rules.

* Models learn from the data, adapting dynamically as new toxicity times emerge.

* Posterior predictive simulation improves overdose control and safety monitoring under delayed toxicity.



Al-Driven Bayesian Dose-finding Workflow

START
Enroll patientis) and begin follow-up

I

STEP 1: INGEST OUTCOME DATA
- Collect toxicity times, partial follow-up,
cansorsd obssrvations, and covaristes.
- All Al-driven models sccept incomplate and
time-varying information.

e ENN

STEP 2: MODEL UPDATE (THREE - Mzural netwark with Bayesian weights.
BRAMCHES) | —e==""| - Leams nonlinear pattemns in toxicity timing
The three Al-driven Bayssian approaches differ and patient heterogeneity.
in how they leam the dose—timea—taxicity - Updates pnlennrmrneMnl‘lcwErghisas
relafionship new partial'complete data arive
! P
STEP 3: POSTERIOR PREDICTIVE - Uses a Gaussian Process prior over the
SIMULATION hazard or risk curve. . ) .
All three Al-driven models generate predictive - Leams smooth, flexible toxicity trajectories
distributions for: gver dose and time.
- Future towicity risk at each doss - Updates posterior hazard surface as
- Probability of excesding safaty thresholds. follow-up accumulstes.
- Expected outcomes for patients still in follow-
up RL
Thess simulations incorporate |ate-onset - Traste dos= s=lection a= a sequential
toaicity naturally. decizion problem.
- Maintains Bayesian belisfs about
l toxcitylefficacy for each dose.
STEF 4: POSTERIOR PREDICTIVE Ui lEles iz e pa i s
SIMULATION balances exploration vs. exploitation.
Al thres Al-driven models generate predictive
distributions for: ENN
- Future tmacity risk at each doss

- Probability of sxce=ding safaty thresholds || WU==s lzamed nonlinear risk pattems to guide
- Expected outcomes for patients still in follow- Ldziie

up
Thez= simulations incorporats |ate-onsat GP

tocgicity naturally. Uses smooth hazand predichions to identify
safe regions.

RL
Choosss the dose maximizing expected
reward (safety + efficacy).

STEP 3: TREAT NEXT PATIENT(S)
Al thres Al-driven models generate predictive distributions for:
- Administer the recommended dose.
- Continue collecting partial and mplEleblou—up
- Loop back to Step 1 for continuous learming.

LOOP




Conclusions — Challenges & the Role of Bayesian Simulation

* Late-onset and censored toxicities weaken traditional dose-finding methods that rely on fixed
timing assumptions.

« CRM, TITE-CRM, and Rolling 6 struggle when toxicity develops across multiple cycles, as seen with
modern immunotherapies and targeted agents.

* Bayesian simulation evaluates designs under realistic accrual and follow-up patterns, improving
understanding of safety and operating characteristics.

* Posterior predictive probabilities quantify uncertainty and support transparent stopping,
escalation, and overdose-control rules.

* These tools strengthen decision-making when many outcomes are still pending.



Conclusions — Al-Driven Bayesian Models & the Path Forward

* Al-adaptive Bayesian models learn the dose-time-toxicity relationship directly from data,
capturing nonlinear and delayed patterns.

* Bayesian neural networks and similar tools detect complex hazard shapes that traditional
parametric models may miss.

* These models complement—not replace—CRM and TITE-CRM by addressing their sensitivity to
timing assumptions and model misspecification.

* Hybrid strategies combining Al, Bayesian simulation, and established designs improve dose
selection in long-toxicity-window trials.

* Dynamic updating and predictive modeling create a safer, more transparent framework for
early-phase oncology studies.
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