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Abstract

Objectives: We examined whether survival and grade 3–4 toxicity could be jointly modeled for trifluridine/tipiracil 
(FTD-TPI) and regorafenib in refractory metastatic colorectal cancer using reinforcement learning (RL).
Methods: A synthetic cohort of 1,039 virtual patients was generated from later-line trials and allocated to FTD-TPI 
(n=534) or regorafenib (n=505). Survival was simulated with Weibull distributions incorporating age, ECOG perfor-
mance status, and KRAS status. Grade 3–4 adverse events were modeled using published probabilities. A one-step 
Q-learning model integrated survival and toxicity through a prespecified reward function. Cox models descriptively 
compared survival distributions.
Results: Median simulated survival was 6.91 months with FTD-TPI and 6.59 months with regorafenib. The unadjusted 
hazard ratio was 0.893 (95% CI, 0.790–1.008; p=0.068), and the adjusted hazard ratio was 0.905 (95% CI, 0.801–1.023; 
p=0.110). Mean modeled rewards were −18.38 and −25.24, respectively. The learned policy mapped 68.5% of profiles 
to FTD-TPI.
Conclusion: FTD-TPI showed a more favorable modeled survival–toxicity profile, but the survival difference was not 
statistically significant and clinical superiority was not established. The framework is hypothesis-generating rather than 
a validated decision-support tool.
Keywords: Colorectal neoplasms, computer simulation, regorafenib, reinforcement machine learning, trifluridine tipi-
racil drug combination
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Metastatic colorectal cancer (mCRC) remains a major 
cause of cancer-related mortality despite continued 

advances in systemic therapy.[1] For patients whose disease 
progresses after fluoropyrimidine-, oxaliplatin-, and irino-
tecan-based therapy and appropriate biologic or molecu-
larly targeted treatment, the therapeutic goal shifts toward 
prolonging survival while preserving function and quality 
of life. In this refractory setting, treatment benefit is often 
modest, and the clinical consequences of toxicity become 
increasingly important.

Trifluridine/tipiracil (FTD-TPI; formerly known as TAS-102) 
and regorafenib are established later-line treatment op-
tions in previously treated mCRC and demonstrated over-
all survival (OS) benefit over best supportive care (BSC) 
in the RECOURSE and CORRECT trials, respectively.[2,3] No 
head-to-head randomized trial has directly compared the 
two monotherapies, and treatment selection has therefore 
relied on indirect evidence, patient characteristics, prior 
therapy, performance status, comorbidities, and the dif-
ferent toxicity profiles of the drugs.[4,5] The later-line treat-
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ment landscape has since evolved further, including the 
addition of bevacizumab to FTD-TPI and the introduction 
of fruquintinib.[6,7] Nevertheless, FTD-TPI and regorafenib 
remain clinically relevant benchmark agents for examining 
how efficacy and tolerability can be weighed when direct 
comparative evidence is unavailable.

Existing indirect comparisons and clinical reviews may 
inform this choice, but their interpretation is limited by 
differences in eligibility criteria, baseline risk, treatment 
exposure, follow-up, and adverse-event reporting.[4,5] This 
is particularly important when between-treatment differ-
ences in survival are small, because toxicity, dose intensity, 
treatment continuity, and patient preference may material-
ly influence the perceived net benefit of therapy. A model-
ing framework that considers efficacy and toxicity together 
may therefore provide a useful way to explore the assump-
tions underlying treatment prioritization, provided that its 
outputs are clearly distinguished from clinical evidence.

Reinforcement learning (RL) is a computational approach 
in which alternative actions are evaluated according to a re-
ward function, allowing the model to learn action values or 
policies within a defined environment.[8–10] In healthcare, RL 
has been explored for both sequential and context-specific 
treatment decision modeling under uncertainty.[9–12] When 
applied to synthetic data, however, RL does not discover 
new clinical effects; rather, it explores the consequences of 
the assumptions, outcome distributions, and reward struc-
ture encoded in the simulated environment. This distinc-
tion is essential when interpreting simulation-based treat-
ment models.

In the present study, we used refractory mCRC as a clinical 
use case to examine whether survival and treatment-re-
lated toxicity could be integrated within a single simula-
tion-based RL framework. A common synthetic patient 
cohort was generated from published aggregate trial 
characteristics, and treatment-specific survival and toxic-
ity outcomes were modeled for FTD-TPI and regorafenib. 
A one-step Q-learning approach was then used to explore 
how prespecified survival–toxicity trade-offs influenced 
modeled treatment preferences. The objective was not to 
determine which drug is clinically superior but to provide 
a transparent, hypothesis-generating framework for evalu-
ating survival–toxicity trade-offs in a setting without direct 
randomized comparative evidence.

Materials and Methods

Study Design and Overview
This was a fully simulation-based methodological study us-
ing FTD-TPI and regorafenib as a clinical use case in refrac-
tory mCRC. The objective was to explore how simulated OS 

and severe treatment-related toxicity could be integrated 
within an RL framework rather than to estimate real-world 
comparative effectiveness or establish clinical superiority 
between the two treatments.

The analytical workflow included generation of a common 
synthetic patient cohort, simulation of treatment-specific 
survival and toxicity outcomes, construction of a prespeci-
fied reward function, descriptive survival analyses, and im-
plementation of a one-step Q-learning model. All outputs 
therefore represent the behavior of the specified virtual 
environment and remain conditional on the input distribu-
tions and modeling assumptions.

Computational Environment and Reproducibility
The final analysis was implemented in Python. NumPy and 
pandas were used for random number generation and 
data structuring, SciPy for probability-distribution func-
tions, statsmodels for survival analyses, and Matplotlib for 
visualization. The Q-learning algorithm was implemented 
using custom Python routines. Fixed random seeds were 
used to ensure reproducibility, and the complete simulated 
patient-level dataset, model parameters, and analysis code 
were retained for auditability.

Synthetic Patient Cohort
A common synthetic cohort of 1,039 virtual patients was 
generated. Baseline distributions were derived by sam-
ple-size-weighted pooling of aggregate characteristics re-
ported for the active-treatment populations of the pivotal 
RECOURSE and CORRECT trials.[2,3]

Age was generated from a truncated normal distribution 
with a mean of approximately 62.5 years, a standard devi-
ation of 9 years, and prespecified bounds of 22–82 years. 
The pooled cohort distributions were approximately 45.5% 
for Eastern Cooperative Oncology Group (ECOG) perfor-
mance status 1, 61.0% for male sex, 53.4% for KRAS-mutant 
disease, and 65.4% for a colon primary tumor. The propor-
tions of patients who had received two or fewer, three, and 
four or more previous treatment lines were approximately 
22.4%, 23.5%, and 54.2%, respectively.

The variables included age, sex, ECOG performance status, 
previous treatment line, KRAS mutation status, and prima-
ry tumor site. Sex, treatment line, and primary tumor site 
were included to characterize the synthetic cohort but 
were not used as modifiers of survival or as components 
of the RL state.

All synthetic variables were stored in a pandas DataFrame 
structure for subsequent analyses.

In practical terms, 1,039 represents the sum of the two ac-
tive-treatment sample sizes (534 in RECOURSE and 505 in 
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CORRECT), not a pooled individual-patient dataset. For each 
reported categorical characteristic, the corresponding tri-
al-level proportions were combined using these sample 
sizes as weights, and virtual characteristics were generated 
to approximate the resulting pooled marginal distributions. 
Ages were generated separately from the prespecified trun-
cated normal distribution described above. Each resulting 
record represented a newly generated virtual patient rath-
er than an actual participant from either trial. Because only 
aggregate information was used, the construction should 
not be assumed to reproduce the original within-patient 
correlations among baseline characteristics. The common 
virtual cohort was subsequently permuted and divided into 
the two treatment arms, while potential outcomes for both 
treatments were generated for the RL environment.

Treatment Allocation
After generation of the common synthetic cohort, patients 
were randomly allocated to the two virtual treatment arms 
using an exact allocation ratio corresponding to the ac-
tive-treatment sample sizes of the pivotal trials. A total of 534 
patients were assigned to FTD-TPI and 505 to regorafenib.

This allocation was performed using a random permuta-
tion of the common cohort and was not stratified accord-
ing to baseline characteristics. The procedure was intended 
to construct a virtual comparison and should not be inter-
preted as clinical trial randomization.

Overall Survival Modeling
Treatment-specific OS was simulated using Weibull distri-
butions. A common Weibull shape parameter of 1.5 was 
used as a prespecified modeling assumption.

The value of 1.5 was specified as an illustrative surviv-
al-shape assumption: in a Weibull model, a shape param-
eter greater than 1 permits an increasing hazard over time, 
whereas a value of 1 corresponds to a constant hazard. It 
was not estimated by fitting patient-level data or recon-
structed Kaplan–Meier curves from RECOURSE or CORRECT 
and should not be regarded as an empirically validated de-
scription of either treatment arm.

Treatment-specific median OS calibration targets were de-
rived from the treatment and placebo median OS values re-
ported in RECOURSE and CORRECT.[2,3] The mean of the two 
placebo medians, 5.15 months, was used as a common ref-
erence. The calibration targets were calculated as follows:

This ratio-based approach informed the prespecified simu-
lation targets of 6.91 months for FTD-TPI and 6.59 months 

for regorafenib. Because the published trial medians were 
rounded, these numerical targets should be regarded as 
approximate calibration inputs, not as estimates from a for-
mal adjusted indirect treatment comparison.

For each virtual patient and each treatment option, an ac-
tion-specific OS time was generated according to:

where Tij represents the simulated OS for patient i under 
treatment j, Uij is a random value drawn from a uniform 
distribution, k is the Weibull shape parameter, and λij is the 
patient- and treatment-specific scale parameter.

To introduce prognostic heterogeneity without altering 
the marginal treatment calibration targets, the Weibull 
scale parameter was modified using centered age, ECOG 
performance status, and KRAS mutation status:

The prespecified coefficients were:

•	 age: βage=-0.015 per year;

•	 ECOG performance status 1: βECOG =-0.20; 

•	 KRAS-mutant disease: βKRAS=-0.10.

These coefficients were used as simplified modeling as-
sumptions to introduce clinically plausible variation and 
should not be interpreted as validated prognostic effect 
estimates.

The coefficients were fixed on the log-scale of the Weibull 
time parameter to introduce directional variation around 
the centered cohort characteristics, rather than to repro-
duce trial-derived covariate effects. Under the specified 
equation, an additional year of age multiplies the time scale 
by exp(−0.015) ≈ 0.985, ECOG performance status 1 by 
exp(−0.20) ≈ 0.819, and KRAS-mutant status by exp(−0.10) 
≈ 0.905, with other variables held constant. These numer-
ical choices are illustrative assumptions; their magnitudes 
were not estimated or validated using individual patient 
data and should not be interpreted as observed hazard ra-
tios or clinically established prognostic effects.

Following application of the covariate modifiers, a treat-
ment-specific multiplicative calibration factor was applied 
so that the observed median OS in each randomly assigned 
virtual treatment arm matched its prespecified target. No 
censoring or treatment crossover was modeled, and all 
simulated OS times were treated as observed events.

Adverse Event Modeling
For every virtual patient, potential grade 3–4 treatment-re-
lated adverse-event outcomes were generated separately 
under FTD-TPI and regorafenib using Bernoulli sampling. 
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The prespecified probabilities were 0.49 for FTD-TPI, as re-
ported for treatment-related grade 3–4 adverse events in 
the FDA clinical review of RECOURSE[13], and 0.54 for rego-
rafenib, as reported in CORRECT.[3]

Severe toxicity was represented as a single binary variable. 
The model did not reproduce the type, timing, duration, 
reversibility, cumulative burden, or management of indi-
vidual adverse events. Toxicity occurrence was simulated 
independently of baseline characteristics and simulated 
survival.

For the virtual-trial survival analyses, only the adverse-event 
and survival outcomes corresponding to the randomly 
allocated treatment were considered observed. The ac-
tion-specific potential outcomes under both treatments 
were retained for construction of the RL environment.

Reward Function
A prespecified reward function was used to integrate sim-
ulated survival and severe toxicity. The common OS refer-
ence was 6.75 months, corresponding to the mean of the 
two treatment-specific target medians.

The survival component of the reward was defined as fol-
lows:

•	 OS at least 15% above the common reference: +100;

•	 OS within ±15% of the common reference: +20;

•	 OS at least 15% below the common reference: -100.

A grade 3–4 treatment-related adverse event resulted in 
an additional penalty of -50. No treatment-discontinuation 
penalty was included because a reproducible discontinua-
tion model was not available.

The resulting reward for each patient-treatment combina-
tion was therefore:

The reward values were predefined for modeling purposes 
and were not intended to represent validated clinical utility 
weights, quality-adjusted survival, or patient preferences. 
The magnitude and direction of the model outputs were 
consequently dependent on the selected reward structure.

Reinforcement Learning Framework
A one-step episodic tabular Q-learning model was imple-
mented. The model was formulated as a contextual treat-
ment-choice problem rather than as a longitudinal dynam-
ic treatment regime.

The pretreatment state was defined using:

•	 age younger than 65 years versus 65 years or older;

•	 ECOG performance status 0 versus 1;

•	 KRAS wild-type versus mutant status.

These variables generated eight possible pretreatment 
states. The two available actions were FTD-TPI and rego-
rafenib. Simulated OS and adverse-event outcomes were 
not included in the pretreatment state. No external clinical 
validation dataset was used.

The model was trained over 1,000 episodes, with each epi-
sode representing one complete pass through the synthetic 
patient profiles. An epsilon-greedy strategy with an explora-
tion probability of 0.10 was used. Because each episode con-
sisted of a single treatment decision without a subsequent 
clinical state, the discount factor was set to zero.

Q-values were updated using a sample-average learning 
rate:

where Nt (s,a) represents the cumulative number of visits to 
a specific state-action pair. Under this one-step structure, 
the learned Q-value approximates the mean modeled re-
ward associated with each treatment within each pretreat-
ment state.

The learned policy assigned the treatment with the higher 
Q-value to each of the eight states. The proportion of syn-
thetic patient profiles mapped to each treatment was then 
calculated according to the prevalence of these states in 
the simulated cohort.

Outcome Measures and Statistical Analysis
The virtual-trial survival outputs included treatment-spe-
cific median OS, simulated Kaplan-Meier curves, and a log-
rank comparison. Cox proportional hazards models were 
fitted to summarize separation between the simulated 
treatment distributions. An unadjusted model included 
treatment alone, while the adjusted model additionally in-
cluded age and ECOG performance status.

Hazard ratios with 95% confidence intervals and two-sid-
ed p values were reported. Because the treatment-specif-
ic survival distributions were prespecified and calibrated 
during simulation, the Cox estimates were interpreted as 
descriptive model outputs rather than independent valida-
tion or causal comparative treatment-effect estimates.

The RL outputs included:

•	 mean potential reward under FTD-TPI and regorafenib;

•	 state-specific Q-values;

•	 the treatment preferred within each modeled pretreat-
ment state;

•	 the proportion of synthetic profiles mapped to each 
treatment by the learned policy.
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No permutation test or inferential statistical comparison of 
reward scores was performed.

Sensitivity analyses examined the dependence of the mod-
el outputs on the reward specification. The severe-toxici-
ty penalty was varied between -25, -50, and -75, while the 
survival threshold was varied between ±10%, ±15%, and 
±20% of the common OS reference.

Ethical Considerations
Since this study used only synthetic data generated from 
published aggregate statistics and did not involve human 
participants, identifiable information, or individual pa-
tient-level data, ethics committee approval and informed 
consent were not applicable.

Results

Baseline Characteristics of the Synthetic Treat-
ment Cohorts
A common synthetic cohort of 1,039 virtual patients was 
generated and randomly allocated to FTD-TPI (n=534) or 
regorafenib (n=505). The two simulated treatment cohorts 
were broadly comparable with respect to age, ECOG per-
formance status, sex, previous treatment exposure, KRAS 

mutation status, and primary tumor site (Table 1). Median 
age was 63 years (range, 38–82) in the FTD-TPI cohort and 
62 years (range, 29–82) in the regorafenib cohort. ECOG 
performance status 1 was present in 44.0% and 46.9% of 
patients, respectively, while KRAS-mutant disease was 
present in 54.3% and 52.5%. These values describe the re-
alized composition of the synthetic cohorts after random 
allocation and were not subjected to inferential base-
line-comparison testing.

Simulated Overall Survival and Severe Toxicity
By design, the treatment-specific survival models repro-
duced the prespecified calibration targets. Median simulat-
ed overall survival was 6.91 months for FTD-TPI and 6.59 
months for regorafenib. The Kaplan-Meier curves showed 
substantial overlap between the treatment cohorts (Fig. 1). 
The log-rank comparison did not reach statistical signifi-
cance (p=0.068). In the descriptive Cox model, the unad-
justed hazard ratio for FTD-TPI relative to regorafenib was 
0.893 (95% CI, 0.790–1.008; p=0.068). After adjustment for 
age and ECOG performance status, the hazard ratio was 
0.905 (95% CI, 0.801–1.023; p=0.110) (Table 2). Because the 
treatment-specific survival distributions were prespecified 
and calibrated within the simulation, these estimates sum-
marize separation within the modeled environment and 
do not represent independent comparative-effectiveness 
estimates.

The observed simulated rate of grade 3–4 treatment-relat-
ed adverse events was 46.6% in the FTD-TPI arm and 53.9% 

Table 1. Baseline characteristics of the simulated treatment 
cohorts

Characteristic FTD-TPI 
(n=534)

Regorafenib 
(n=505)

Age, median (range), years 63 (38–82) 62 (29–82)

ECOG performance status, n (%)

0 299 (56.0) 268 (53.1)

1 235 (44.0) 237 (46.9)

Sex, n (%)

Male 329 (61.6) 305 (60.4)

Female 205 (38.4) 200 (39.6)

Previous treatment lines, n (%)

≤2 120 (22.5) 112 (22.2)

3 129 (24.2) 115 (22.8)

≥4 285 (53.4) 278 (55.0)

KRAS status, n (%)

Mutant 290 (54.3) 265 (52.5)

Wild-type 244 (45.7) 240 (47.5)

Primary tumor site, n (%)

Colon 353 (66.1) 327 (64.8)

Rectum 181 (33.9) 178 (35.2)

ECOG: Eastern Cooperative Oncology Group; KRAS: Kirsten rat sarcoma viral on-
cogene homolog.

Figure 1. Simulated Kaplan–Meier curves for overall survival in the 
FTD-TPI and regorafenib cohorts.
The curves represent modeled overall survival in the randomly 
allocated virtual treatment arms. The hazard ratio and log-rank p 
value summarize separation within the simulated environment and 
should not be interpreted as independent comparative clinical-
effect estimates.
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in the regorafenib arm (Table 2). These realized rates were 
close to the treatment-specific probabilities used to gener-
ate the toxicity outcomes.

Reinforcement Learning Outcomes
Under the primary reward specification, the mean modeled 
reward was −18.38 for FTD-TPI and −25.24 for regorafenib 
(Table 2). The negative mean values reflect the numerical 
scale of the prespecified reward function, which assigned 
penalties for short survival and severe toxicity; they should 
not be interpreted as measures of net clinical harm. The dis-
tribution of individual modeled rewards is shown in Figure 2.

The learned policy preferred FTD-TPI in five of the eight 
modeled pretreatment states and regorafenib in three. 

When weighted according to the prevalence of these 
states in the synthetic cohort, 68.5% of simulated patient 
profiles were mapped to FTD-TPI and 31.5% to regorafenib. 
State-specific Q-values and treatment preferences are pro-
vided in Supplementary Table S1. These proportions char-
acterize policy behavior within the virtual environment and 
should not be interpreted as the proportion of real patients 
expected to benefit from either treatment.

In particular, the 68.5% allocation is a frequency of assign-
ments produced by the learned policy under the specified 
synthetic cohort, outcome distributions, and reward func-
tion; it is neither a treatment-effect estimate nor evidence 
that 68.5% of patients in clinical practice would benefit 
from, or should receive, FTD-TPI.

Sensitivity Analyses
Across all nine combinations of survival thresholds (±10%, 
±15%, and ±20% of the common OS reference) and se-
vere-toxicity penalties (-25, -50, and -75), the mean modeled 
reward remained higher for FTD-TPI than for regorafenib. 
Depending on the survival threshold, the learned policy 
mapped 68.5%–77.8% of simulated profiles to FTD-TPI and 
22.2%–31.5% to regorafenib. Varying the toxicity penalty 
changed the magnitude of the mean rewards but did not 
alter the number of states assigned to each treatment at a 
given survival threshold (Supplementary Table S2).

Discussion
This study used refractory metastatic colorectal cancer as 
a clinical use case to examine how simulated overall sur-
vival and severe treatment-related toxicity could be inte-
grated within a one-step RL framework. Under the primary 
reward specification, FTD-TPI had a higher mean modeled 
reward than regorafenib, and the learned policy mapped 
68.5% of the simulated patient profiles to FTD-TPI. How-

Table 2. Primary simulated survival, toxicity, and reinforcement-learning outputs

Outcome FTD-TPI Regorafenib Comparative/model output

Median simulated OS, months 6.91 6.59 -

Grade 3-4 treatment-related AE, n (%) 249 (46.6) 272 (53.9) -

Unadjusted Cox model - - HR 0.893 (95% CI, 0.790–1.008); 
p=0.068

Adjusted Cox model* - - HR 0.905 (95% CI, 0.801–1.023); 
p=0.110

Log-rank comparison - - chi-square 3.335; p=0.068

Mean potential reward -18.38 -25.24 -

Profiles mapped by learned policy, % 68.5 31.5 FTD-TPI preferred in 5 of 8 states

*Adjusted for age and ECOG performance status. AE: Adverse event; CI: Confidence interval; HR: Hazard ratio; OS: Overall survival. All estimates are outputs of the prespecified 
simulation model; FTD-TPI: Trifluridine/tipiracil.

Figure 2. Distribution of individual modeled rewards under the 
primary reward specification.
Bars show the percentage of simulated patient-treatment profiles 
assigned to each discrete reward value for FTD-TPI and regorafenib. 
Reward values combine the prespecified survival categories and the 
penalty for a simulated grade 3–4 treatment-related adverse event.
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ever, the simulated survival curves showed substantial 
overlap, and neither the unadjusted nor the adjusted Cox 
analysis demonstrated statistically significant separation 
between the treatment distributions. The principal finding 
is therefore not that FTD-TPI is clinically superior, but that 
a modest difference in modeled survival combined with a 
lower prespecified probability of severe toxicity produced 
a model-based preference for FTD-TPI within the defined 
virtual environment.

The clinical question remains relevant because later-line 
mCRC is characterized by limited expected survival, cumu-
lative treatment burden, and considerable heterogeneity in 
treatment tolerance. The pivotal RECOURSE and CORRECT 
trials established FTD-TPI and regorafenib as active lat-
er-line therapies, respectively, but did not directly compare 
the two agents.[2,3] Indirect comparisons, clinical reviews, 
and real-world data have generally suggested broadly sim-
ilar efficacy, with clinically distinct toxicity profiles.[4,14–17] In 
such a setting, small differences in expected survival may 
be amplified or offset by differences in tolerability. The 
present model illustrates this principle by assigning both 
survival outcomes and grade 3–4 toxicity to a common re-
ward structure.

The simulated median OS values were 6.91 months for 
FTD-TPI and 6.59 months for regorafenib, reflecting the 
prespecified calibration targets. The corresponding hazard 
ratios numerically favored FTD-TPI but did not reach sta-
tistical significance. These estimates should not be inter-
preted as independent comparative-effectiveness findings 
because the treatment-specific survival distributions were 
calibrated before the Cox analyses were performed. Rath-
er, the Cox models provide descriptive summaries of the 
separation generated within the simulation. The substan-
tial overlap between the Kaplan–Meier curves is consistent 
with the limited absolute difference between the modeled 
median survival values.

The RL component extended this descriptive surviv-
al comparison by incorporating severe toxicity into the 
treatment evaluation. The observed simulated grade 3–4 
adverse-event rates were 46.6% for FTD-TPI and 53.9% for 
regorafenib, closely reflecting the treatment-specific prob-
abilities used to generate these outcomes. Under the pri-
mary reward specification, the mean modeled reward was 
−18.38 for FTD-TPI and −25.24 for regorafenib. These nega-
tive values arise from the numerical structure of the reward 
function, which applies penalties for short survival and se-
vere toxicity, and should not be interpreted as measures 
of net clinical harm. The difference between the mean re-
wards instead indicates that FTD-TPI generated a relatively 
more favorable balance of the modeled outcomes under 

the selected assumptions.

The learned policy preferred FTD-TPI in five of the eight 
modeled pretreatment states and regorafenib in three. Af-
ter weighting these states according to their prevalence in 
the synthetic cohort, 68.5% of the simulated profiles were 
mapped to FTD-TPI and 31.5% to regorafenib. These per-
centages do not represent the proportions of real patients 
expected to benefit from either treatment. They summarize 
state-specific action values learned from synthetic poten-
tial outcomes generated by the model. Nevertheless, they 
demonstrate how relatively small differences in survival 
and toxicity can produce different treatment preferences 
across clinically defined patient profiles.

An important feature of the final framework is that the 
treatment-selection state included only variables available 
before treatment: age group, ECOG performance status, 
and KRAS mutation status. Simulated OS and adverse-event 
outcomes were used to calculate rewards but were not in-
cluded in the pretreatment state. This separation makes 
the framework conceptually clearer than a model that uses 
post-treatment outcomes as treatment-selection variables. 
However, the present analysis remains a one-step contex-
tual treatment-choice model rather than a longitudinal 
dynamic treatment regime. It does not simulate repeated 
treatment decisions, dose modifications, disease progres-
sion, or changes in patient condition over time.

The sensitivity analyses provided additional information 
regarding the internal stability of the modeled preference. 
Across all nine combinations of survival thresholds and 
severe-toxicity penalties, the mean modeled reward re-
mained higher for FTD-TPI than for regorafenib. Depend-
ing on the survival threshold, the learned policy mapped 
between 68.5% and 77.8% of the simulated profiles to 
FTD-TPI. Variation in the toxicity penalty changed the mag-
nitude of the reward values but did not alter the number 
of states assigned to each treatment at a given survival 
threshold. These findings suggest that the direction of the 
modeled preference was stable across the examined re-
ward specifications. However, this internal stability should 
not be regarded as external validation, because all sensi-
tivity scenarios were evaluated within the same synthetic 
environment and depended on the same underlying out-
come distributions.

RL offers a structured way to formalize multi-outcome 
treatment trade-offs because survival and toxicity can con-
tribute simultaneously to a common reward signal.[9–12] Its 
usefulness, however, depends on the validity of the data, 
assumptions, and reward definitions used to construct the 
environment. In the present study, the algorithm learned 
from outcomes generated by the simulator itself and there-
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fore could not produce new comparative clinical evidence 
beyond the information encoded in the model. The value 
of the framework lies instead in making those assumptions 
explicit and in allowing investigators to examine how dif-
ferent representations of survival and toxicity influence 
modeled treatment prioritization.

The study has several methodological strengths. First, it 
uses a common synthetic cohort and explicitly separates 
pretreatment state variables from simulated post-treat-
ment outcomes. Second, the complete analytical workflow 
was reconstructed within a single reproducible codebase, 
with fixed random seeds, retained patient-level synthetic 
data, and clearly specified model parameters. Third, the 
framework combines clinically interpretable outcomes 
within a transparent reward structure and examines the 
dependence of its conclusions on alternative reward spec-
ifications. Finally, the model is modular and could be ex-
tended to incorporate additional outcomes such as quali-
ty of life, treatment duration, dose intensity, time without 
symptoms or toxicity, cost, and patient preferences.

The clinical landscape of refractory mCRC has evolved 
since the original monotherapy trials. The SUNLIGHT trial 
demonstrated improved survival with FTD-TPI plus bevaci-
zumab compared with FTD-TPI alone, while FRESCO-2 es-
tablished fruquintinib as an additional later-line treatment 
option.[6,7] Accordingly, the present comparison of FTD-TPI 
monotherapy and regorafenib should be regarded as a 
benchmark modeling scenario rather than a comprehen-
sive representation of contemporary treatment sequenc-
ing. Future analyses could extend the framework to include 
newer treatment combinations and agents, provided that 
sufficiently detailed and comparable data are available.

The model therefore provides a restricted historical-mono-
therapy benchmark for studying reward-dependent alloca-
tion, not a comparison against FTD-TPI plus bevacizumab 
or fruquintinib and not a recommendation for contempo-
rary treatment sequencing.

Several limitations warrant emphasis. The analysis relied 
entirely on synthetic data derived from aggregate trial-lev-
el information, and no individual patient-level clinical trial 
or real-world dataset was available for model development 
or external validation. Cross-trial calibration is vulnerable 
to differences in eligibility criteria, supportive care, assess-
ment schedules, geographic populations, and baseline 
risk. The Weibull shape parameter and the prognostic coef-
ficients for age, ECOG performance status, and KRAS muta-
tion status were predefined modeling assumptions rather 
than estimates derived from the source trials. No censoring 
was modeled, and all simulated OS times were treated as 
observed events.

Sensitivity analyses varied the reward specification but did 
not vary the Weibull shape parameter or the prognostic 
coefficients; changes to these survival-model assumptions 
could also alter state-specific rewards and policy allocations.

Toxicity was represented as a single binary grade 3–4 ad-
verse-event outcome and did not capture the type, timing, 
duration, reversibility, cumulative burden, or clinical man-
agement of individual toxicities. The model also assumed 
that toxicity was independent of baseline patient charac-
teristics and simulated survival. The reward values were 
predefined for modeling purposes and did not represent 
validated clinical utility weights, quality-adjusted surviv-
al, or patient preferences. Although sensitivity analyses 
examined several alternative reward specifications, other 
reasonable definitions could yield different state-specific 
preferences. Furthermore, the treatment-specific potential 
outcomes were generated from calibrated distributions 
rather than observed counterfactual outcomes, and the re-
sulting Q-values therefore remain model-dependent.

Future work should prioritize the use of individual pa-
tient-level trials or real-world data, with independent de-
velopment and validation cohorts. More clinically mean-
ingful reward functions could incorporate quality-adjusted 
survival, time without symptoms or toxicity, treatment dis-
continuation, dose modification, financial burden, and 
patient-reported preferences. Longitudinal models could 
additionally represent repeated treatment decisions and 
changing clinical states. External validation and calibration 
assessment would be essential before any related frame-
work could be considered for clinical decision support.

Conclusion
This simulation-based RL study provides a transparent and 
reproducible framework for jointly modeling survival and 
severe toxicity trade-offs in refractory mCRC. Under the 
prespecified assumptions, the model assigned a relative-
ly more favorable reward profile to FTD-TPI and mapped 
a greater proportion of simulated pretreatment profiles to 
FTD-TPI than to regorafenib. However, the simulated sur-
vival difference was not statistically significant, and the 
model outputs do not establish clinical superiority be-
tween the treatments. The framework should therefore be 
viewed as a hypothesis-generating methodological tool 
that may inform the design of future analyses using vali-
dated patient-level data.
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Supplementary Table S2. Sensitivity analyses across reward specifications

Toxicity  
penalty

Survival 
threshold

Mean reward, 
FTD-TPI

Mean reward, 
regorafenib

Profiles to 
FTD-TPI, %

Profiles to 
regorafenib, %

States to 
FTD-TPI

States to 
regorafenib

-25 ±10% -8.26 -13.01 77.8 22.2 6 2

-25 ±15% -6.45 -11.86 68.5 31.5 5 3

-25 ±20% -5.22 -9.16 68.5 31.5 5 3

-50 ±10% -20.19 -26.39 77.8 22.2 6 2

-50 ±15% -18.38 -25.24 68.5 31.5 5 3

-50 ±20% -17.15 -22.54 68.5 31.5 5 3

-75 ±10% -32.13 -39.77 77.8 22.2 6 2

-75 ±15% -30.32 -38.61 68.5 31.5 5 3

-75 ±20% -29.09 -35.92 68.5 31.5 5 3

The primary analysis used a toxicity penalty of -50 and a survival threshold of ±15%.

Supplementary Table S1. State-specific Q-values and preferred treatment

Pretreatment state n profiles Q-value, FTD-TPI Q-value, regorafenib Preferred treatment Profiles, %

Age <65, ECOG 0, 
KRAS wild-type 145 1.30 -10.62 FTD-TPI 14.0

Age <65, ECOG 0, 
KRAS mutant 173 -6.16 -15.14 FTD-TPI 16.7

Age <65, ECOG 1, 
KRAS wild-type 132 -11.63 -19.16 FTD-TPI 12.7

Age <65, ECOG 1, 
KRAS mutant 151 -17.26 -39.74 FTD-TPI 14.5

Age >=65, ECOG 0, 
KRAS wild-type 111 -7.84 -21.25 FTD-TPI 10.7

Age >=65, ECOG 0, 
KRAS mutant 138 -27.43 -22.70 Regorafenib 13.3

Age >=65, ECOG 1, 
KRAS wild-type 96 -42.98 -39.94 Regorafenib 9.2

Age >=65, ECOG 1, 
KRAS mutant 93 -55.45 -43.63 Regorafenib 9.0

Q-values are model-based mean reward estimates within each pretreatment state.
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