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ABSTRACT

Tumor dynamic models are vital for evaluating oncology treatments and guiding clinical drug development decisions. However,
few studies rigorously assess their predictive capabilities, especially when forecasting tumor trajectories from clinical trials with
short or inconsistent follow-up across treatment arms. Poor predictive performance or biases related to follow-up time could
potentially limit the general utility of tumor growth inhibition (TGI) models. This study quantitatively evaluates prediction bias
across several established tumor dynamic models, comparing five classical pharmacometric TGI models with the deep learning-
based Tumor Dynamic Neural-ODE (TDNODE) framework. Using time-truncated clinical trial data from 3106 patients with
non-small cell lung cancer (NSCLC) across four completed atezolizumab phase III studies, we consistently observed moderate-
to-high positive bias in the predictions from pharmacometric models, particularly with more limited follow-up. By examining the
structures of these models and comparing them to observed data, we highlight how the assumed kinetic patterns potentially lead
to biased parameter estimation and systemic overestimation of tumor size when applied to immature datasets. In contrast, the
TDNODE framework, using deep learning, demonstrated promising early results, exhibiting improved predictive performance
in the same evaluations. These findings underscore the critical need to address prediction bias in tumor dynamic modeling with
immature data and to consider alternative approaches to established paradigms for certain drug development applications. This
study also generally demonstrates the potential of novel methods, such as deep learning, to potentially enhance the reliability of

tumor dynamics modeling, especially in challenging early-phase clinical decision-making scenarios.

1 | Introduction

Evaluating tumor response to treatment is crucial in develop-
ing novel oncology drugs and holds significant influence on the
interpretations of treatment efficacy, early Go-/No-go devel-
opment decisions, and exposure-response evaluations for dose
selection. Traditionally, tumor response assessment has relied
on criteria such as the Response Evaluation Criteria in Solid
Tumors (RECIST), which involves categorizing tumor size data
into response strata and further dichotomizing them into re-
sponders and non-responders [1]. However, this approach fails

to fully capture the rich, longitudinal information contained
within the on-study tumor measurements, such as the rates of
tumor shrinkage and regrowth, the specific depth of response
(nadir), and the overall trajectory over time, and may oversim-
plify these complex response patterns. Many of these inherent
limitations are well recognized and often critiqued [2-4]. The
US FDA's Project Optimus, which aims to improve dose-finding
and optimization strategies in oncology, has highlighted the
need for increased application of model-informed drug devel-
opment (MIDD) and integration of more advanced quantita-
tive approaches to better capture treatment response for dose
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Study Highlights

« What is the current knowledge on the topic?

o Tumor dynamic models (TGI) are vital for eval-
uating oncology treatments and guiding drug
development decisions. However, few studies rig-
orously assess their predictive capabilities when
forecasting tumor trajectories from clinical tri-
als with short or inconsistent follow-up, which
can lead to biases. Addressing follow-up bias and
thoroughly assessing model performance are rec-
ognized needs in the field.

« What question did this study address?

o This study addressed how prediction bias var-
ies across five classical TGI models and the deep
learning-based Tumor Dynamic Neural-ODE
(TDNODE) framework when used to predict fu-
ture tumor trajectories from time-truncated clini-
cal trial data in patients with NSCLC.

« What does this study add to our knowledge?

o The study demonstrates that classical TGI
pharmacometric models consistently exhibit
moderate-to-high positive prediction bias, signifi-
cantly overestimating tumor size when applied to
immature datasets. This bias is linked to model
structural assumptions and increasing errors in
key parameter estimation (e.g., the growth param-
eter KG). In contrast, the TDNODE framework
consistently demonstrated improved predictive
performance and substantially lower prediction
bias across all scenarios evaluated.

« How might this change drug discovery, development,
and/or therapeutics?

o These findings underscore the critical need to ad-
dress prediction bias in tumor dynamic modeling,
especially when using immature data prevalent in
early-phase clinical trials. Using alternative, more
flexible methods like TDNODE could potentially
enhance the reliability of tumor dynamics mod-
eling, thereby supporting early clinical decision-
making scenarios and dose optimization efforts.

optimization purposes in early clinical trials. In addition to the
already robust applications toward internal drug development
decision-making, Project Optimus has created new opportuni-
ties for application of tumor dynamic modeling more broadly as
aregulatory tool in early-stage development.

The fundamental purpose of tumor dynamics or tumor growth in-
hibition (TGI) models is to quantify tumor growth dynamics and
the effects of therapeutic agents, describing the change in tumor
size over time, often quantified as the sum of the longest diameters
(SLD) of target lesions. Various TGI models have been developed
and widely applied in oncology drug development, demonstrating
their usefulness in decision-making [5-7], particularly in random-
ized phase Ib/1I clinical settings [8]. These models were originally
developed and validated during an era dominated by cytotoxic
chemotherapy and targeted therapies and typically incorporate

mathematical expressions that reflect the anticipated biologi-
cal mechanisms of these treatments—notably, an initial tumor
shrinkage phase followed by eventual resistance and regrowth.
Hence, the mathematical structure of these models often includes
terms for exponential growth and drug-induced decay [9-13],
which align with observed clinical patterns of these traditional on-
cology treatments, where acquired resistance through secondary
mutations or compensatory pathway activations is common.

The advent of immune checkpoint inhibitors (ICIs) and various
immune-oncology (IO) agents, among other emerging therapeu-
tic modalities, introduced novel patterns of tumor response that
sometimes challenge the assumptions of classical parametric
models [4, 14]. Unlike the predictable decline-then-regrowth pat-
tern often seen with chemotherapy, ICIs can often produce durable
responses and long-term stable disease states that sometimes per-
sist, even after treatment cessation [4]. These sustained responses
conflict with some models' assumption of inevitable progression.
Furthermore, phenomena such as pseudoprogression and dis-
sociated responses—where an initial growth can occur prior to
shrinkage or different lesions within the same patient respond
differently to treatment—can present general challenges for mod-
eling [4, 15]. These distinct response patterns imply that the math-
ematical structures developed for chemotherapy-era treatments
lack the required degree of generalizability to accurately describe
outcomes for patients receiving IO treatments. Despite these chal-
lenges, classical tumor dynamics models have been widely used
and many times considered sufficient to describe patient response
to IO treatments in different situations [13, 16].

Aside from novel response patterns, another obstacle for rou-
tine application of tumor dynamic modeling, especially in early-
phase drug development, is the need to analyze incomplete or
truncated clinical trial datasets. Due to various factors, early de-
velopment decisions, such as an initial Phase IT dose selection or
Go-/No-go choices, are often required before mature trial data
become available, and sparse tumor measurements with limited
follow-up may impact the accuracy of estimated tumor metrics
[17]. The task of estimating and accounting for follow-up bias,
particularly when current models include unbounded exponen-
tial growth terms, is a recognized concern that may amplify
bias in long-term predictions if the model's parameters are not
appropriately estimated using early data [18].

Therefore, evaluating the assumptions of tumor dynamics
model structures and potential follow-up bias for different
treatments are aspects that have gained recognition as import-
ant components of model verification, though these aspects
remain less frequently characterized and somewhat underre-
ported in the literature. This highlights a future need for more
thorough assessments of model performance and increased
publications detailing the relationships between follow-up du-
ration and derived tumor parameter estimates across different
models, treatments, and trial settings. Such information, that
is, defining these models' operational characteristics under
more diverse clinical contexts, would be invaluable for guiding
industry standards and refining tumor dynamics modeling best
practices, especially when using data from early clinical trials.

A range of tumor dynamics models have been proposed [9-13],
each with different functional forms, also leading to some
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potential for inductive bias inherent to their specific mathemat-
ical equations [19]. Consequently, predictive capabilities and in-
terpretation of these models, for example, in estimating tumor
doubling times, may vary significantly depending on the chosen
structure of the model [20]. In response to these challenges and
acknowledging recent advances in the field, non-parametric
deep learning (DL) approaches have been gaining increasing
interest as alternatives to classical models and their parametric
assumptions. Notably, within translational oncology and clin-
ical tumor size modeling, a DL approach based on the neural-
ordinary differential equation (neural-ODE) formalism has
demonstrated recent success in enabling efficient data-driven
model discovery [3, 21].

Hence, motivated by the overall predictive potential of tumor dy-
namic modeling in guiding early clinical trial decision-making
and untapped applications in early development dose optimiza-
tion support, particularly in single-arm cohorts with immature
follow-up [8], this study aims to evaluate different modeling
approaches for predicting tumor size trajectories based on hy-
pothetical early trial data. Specifically, the focus is on character-
izing the predictive capability of various published models using
a bias assessment approach applicable to both classical pharma-
cometric [9-13] and DL-based models [21] of tumor dynamics.
Leveraging a large dataset from four phase III clinical trials in
patients with NSCLC, encompassing treatment arms spanning
10 agents, chemotherapy, targeted therapies, and their combina-
tions, each model's ability to predict future ‘unseen’ tumor sizes
was assessed using truncated datasets ranging from 25% to 75%
of the total trial duration. This data truncation was implemented
to reflect hypothetical decision-making scenarios at regular
milestone intervals of the trial duration, such as a potential pre-
planned interim analysis with less-than-fully mature trial fol-
low-up. Through objective quantitative comparison, we aim to
highlight the predictive capabilities of different tumor dynamics
modeling approaches and encourage the use of similar measures
of evaluating tumor dynamic models in future publications and
model applications prior to decision-support.

2 | Methods

2.1 | Modeling Development Equations
and Architectures

This study is intended to evaluate the ability of Tumor dynamic
neural-ODE (TDNODE) [21] and 5 classical and analytical TGI
models (Stein, Claret, Bonate, Moore, and Wang [9-13]) to pre-
dict longitudinal tumor dynamics under different clinical trial
settings based on collected clinical trial data and enrollment in-
formation; please refer to the Supporting Information for com-
plete details. This study compared five published TGI models
(Stein, Claret, Bonate, Moore, Wang) implemented as nonlinear
mixed-effects models in NONMEM, with random effects on key
kinetic parameters (e.g., growth and drug-effect rates), against
the Tumor Dynamic Neural-ODE (TDNODE) framework.
TDNODE uses an encoder—-decoder design: a recurrent encoder
summarizes each patient's baseline and on-treatment SLD his-
tory into a latent state, which a Neural-ODE decoder integrates
to generate a continuous tumor-size trajectory. To improve gen-
eralization, TDNODE training used L2 weight decay (10-3) and a

masking scheme that prevents any use of post-cutoff (“unseen”
observations during fitting (details in Supporting Information).

2.2 | Experimental Design

Figure 1 summarizes the evaluation workflow. For each trial,
we defined total study duration as the interval between first
dose in the first enrolled patient and the last available SLD mea-
surement in the last enrolled patient. We then created three “im-
mature” data cuts at 25%, 50%, and 75% of that duration. For a
given cutoff date, only SLD observations collected on/before the
cutoff were used to fit/train each model; all later observations
were held out as “unseen” for evaluation. Because enrollment
was staggered, patients enrolling after an early cutoff contribute
few (or no) scans at 25%, so the number of evaluable patients
increases at later cuts, preserving the real-world imbalance in
follow-up seen at interim readouts (illustrated in Figure S1).

For each patient, models were calibrated using that patient's
“seen” data (estimating individual parameters or latent state),
and forecasts for the “unseen” period were generated condi-
tional on that same patient history (i.e., patient-specific rather
than population-mean predictions). The identical train/test split
was used for all models.

2.3 | Data Summary

The tumor dynamics models were assessed using a compiled
dataset consisting of four randomized, phase III multicenter
clinical trials that enrolled patients with NSCLC: IMPower130,
IMPowerl131, IMPower132, and IMPower150 [20-22]. SLD data
from both the control arm and atezolizumab-containing arm
were included in the current analysis. For complete trial details,
please refer to prior publications. Brief details are provided in
the Supporting Information.

Patients in the atezolizumab-containing treatment arms re-
ceived the therapy intravenously at 1200mg every 3weeks. In
each trial, the SLD scans for specified target lesions were col-
lected at baseline as well as at regular intervals on-study ranging
from 6 to 9weeks. All trials obtained institutional review board
approval, and all patients provided written informed consent
prior to enrollment.

2.4 | Model Development

Refer to Supporting Information for details.

2.5 | Model Evaluation

After fitting/training on the “seen” data, we evaluated predic-
tions against observed SLD at held-out (“unseen”) time points
using mean/median relative percent error (RPE; e=1mm for zero
SLD), root mean squared error (RMSE), and R? (formulas in S1).

To probe sensitivity to informative dropout (patients who prog-
ress/discontinue early and therefore have fewer observations), we
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FIGURE 1 | Schematic of the workflow in the comparison of Classical TGI models and TDNODE for tumor dynamic prediction. (A) Taking

data from a clinical trial and based on the enrollment times splitting into a “seen” and “unseen” set. (B) Classical TGI models and TDNODE were
applied to model the “seen” data. (C) Comparison of individual prediction against the unseen values is used in the performance metric evaluation.
(D) Evaluation of model predictive bias (defined as the percent difference between the tumor dynamic prediction and observation) on the unseen
data. DV, observed value of dependent variable (SLD); IPRED, individual predictions; SLD, sum-of-longest-diameter; TDNODE, tumor dynamic

neural-ODE; TGI, tumor growth inhibition.

performed a weighted bootstrap (500 iterations) that up-weighted
patients with fewer scans when resampling prediction errors (con-
ceptually similar to inverse-probability weighting). In each itera-
tion, we resampled patients with replacement and then sampled a
fixed number of observations per selected patient. This resampling
was used as a post hoc bias analysis tool in our study, not as a rou-
tine modeling step. In prospective applications, one would ideally
handle informative dropout analytically (e.g., via joint modeling of
tumor size and survival) rather than via resampling.

2.6 | Tumor Dynamic Pattern Categorization

To examine whether prediction error differed by response pat-
tern, we categorized each patient's full SLD trajectory into seven

groups (IPR, SDP, SDM, PRP, PRM, CRP, CRM) using RECIST-
like thresholds; full definitions are provided in the Supporting
Information.

3 | Results

A total of 4949 patients with non-small cell lung cancer
(NSCLC) were enrolled in the studies included in this anal-
ysis, forming the basis of our tumor dynamics modeling
dataset. From this cohort, 3106 patients had two or more
on-study scans, qualifying them as evaluable for this assess-
ment of prediction bias. These 3106 patients, spanning across
eight treatment arms, contributed a total of 20,232 SLD ob-
servations, with a median of six scans per patient. Summary
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statistics detailing the number of patients, seen and unseen
SLD measurements in each truncation scenario, and the me-
dian number of measurements are presented in Table 1, while
additional visualizations of seen versus unseen data across
different truncation scenarios are provided in Figures S1 and
S2; Table S1. Importantly, because of staggered patient en-
rollment, the number of patients contributing ‘seen’ versus
‘unseen’ data differs by truncation level (Table 1). Patients
enrolled later have no scans in the early cut (25% follow-up),
so the evaluable sample grows for the 50% and 75% scenar-
ios. Thus, differences in model performance across follow-up
times are considered indicative of performance at a particu-
lar trial follow-up, reflecting both the data maturity and total
sample size or number of scans.

3.1 | Consistent Alignment of Models With
Observed Tumor Size Data in Training Set

Comparisons between observed data and the individual pre-
dicted values within the seen data provide insights into each
model's performance and interpolation capability within a
given follow-up time window. Generally, most observed tumor
size data points are aligned closely with the identity line (slope
of 1) in plots of observed versus model-estimated SLD values
across different truncation scenarios (Figure 2). Model diagnos-
tics based on residuals, such as conditional weighted residuals
(CWRES) versus predicted values and time, showed some bias
particularly in the truncated data but overall captured the ob-
served data reasonably, suggesting tumor dynamics models gen-
erally provide adequate description of SLD data within the ‘seen’
training datasets, although stability and over parameterization
issues still occur.

TABLE1 | Overview of patient and observation information at 25%,
50% and 75% follow-up time.

Number Number
of Number of observations
subjects observations per subject?®
25% trial follow-up
Estimation 349 985 3(2-6)
Extrapolation 265 1600 501-17)
50% trial follow-up
Estimation 1771 7100 4(2-12)
Extrapolation 1037 5265 4(1-12)
75% trial follow-up
Estimation 3111 16,579 5(2-15)
Extrapolation 1121 4165 4 (1-7)

Note: For each choice of follow-up time, the 5 classical TGI models and TDNODE
were fitted or trained using seen scans and then evaluated at the time values
corresponding to the set of unseen tumor size measurements. Patients with less
than two seen scans.

Abbreviations: TDNODE, tumor dynamic neural-ODE; TGI, tumor growth
inhibition.

aMedian (min-max).

3.2 | Model Extrapolation Performance
and Prediction Error

When the models were used to make predictions beyond the
truncation point to ‘unseen’ time points, the agreement between
observed and predicted values deteriorated compared to the
fits of the training data. As demonstrated in Figure 2 and other
error metrics, the five classical TGI models showed systemati-
cally increasing positive bias over longer extrapolation horizons.
In particular, these models displayed a tendency to consistently
overpredict tumor sizes at later follow-up times, resulting in
higher relative percent error (RPE) and root mean square error
(RMSE). This consistent growth in prediction error over time is
clearly visualized in Figure 3. In contrast, the TDNODE model
consistently maintained a lower prediction error. For instance,
when trained on only 25% of the follow-up data, the classi-
cal Stein model exhibited a mean RPE of 334.06%, while the
TDNODE model's was substantially lower at 61.18% (Table 2).
This preliminary finding suggests that a DL-based, neural-ODE
approach, less constrained by assumptions of a particular math-
ematical functional form, may better capture tumor trajectories
from these truncated datasets.

3.3 | Contextual Considerations and Model
Limitations

Classical TGI models, developed largely for cytotoxic settings
where tumors often shrink and later regrow, may not fully
capture IO-associated patterns such as delayed responses or
prolonged stable disease. Across both I0+ and I0O— arms, clas-
sical models tended to overpredict late tumor rebound, with
overprediction more pronounced in the I0+ arms (Table S3).
Consistent with this, SLD-based progression after achieving re-
sponse or stable disease was relatively infrequent, particularly
in IO+ arms (Table S6 and Figure S3). All approaches—includ-
ing TDNODE—had difficulty forecasting CR trajectories, but
TDNODE generally showed improved performance across most
trajectory categorizations (Tables S4 and S5).

3.4 | Illustrative Example of Extrapolation Bias
and Model Comparison

Figure 4 illustrates a subset of patients who achieved a par-
tial response (PR) and maintained that response without pro-
gression throughout the trial follow-up period. Solid lines and
shaded regions represent model predictions (with confidence
intervals) up to data truncation, while dashed lines indicate
the observed SLD trajectory post-truncation. TGI models
often displayed upward drift in SLD predictions over time,
suggesting a loss of treatment effect or impending regrowth,
thereby overestimating tumor size where this did not occur.
This overprediction bias became more pronounced with ex-
tended extrapolation beyond the training window. Conversely,
the TDNODE framework more accurately tracked sustained
tumor shrinkage or stable disease, with predictions remaining
near the actual observed trajectory, even with up to 75% fol-
low-up truncation. This consistency may imply that TDNODE

CPT: Pharmacometrics & Systems Pharmacology, 2026
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FIGURE 2 |

Comparison of Classical TGI models and TDNODE predictions versus observations used in model estimation (goodness-of-fit on

‘seen’ training data) (A); Comparison of Classical TGI models and TDNODE predictions versus extrapolated observations not used in estimation

(‘unseen’ extrapolation data) (B). SLD, sum of longest diameter.

is more flexibly guided by the observed data patterns learned
despite a limited training interval.

3.5 | Connection Between Parameter Estimation
Error and Extrapolation Bias

Lastly, we examined how truncated data may influence param-
eter estimations used in decision-making. As an illustrative
example, for the Stein TGI model, the growth parameter (KG)
estimated from truncated datasets showed increasing devia-
tion from its “ground truth” value estimated on the complete
dataset, and these deviations correlated strongly with greater
extrapolation biases (Figure 5). Relatively speaking, the tumor
shrinkage parameter showed no such correlation. This pattern
underscores how limited early trial information can potentially
mislead growth/shrinkage parameter estimation in TGI mod-
els, especially if true biological dynamics diverge from model
assumptions.

4 | Discussion

This study provides a comprehensive evaluation of how fol-
low-up duration in clinical trial data can impact the extrapola-
tion performance of tumor dynamics models in patients with
NSCLC treated with both atezolizumab and chemotherapy. Our
systematic analysis, employing date-based truncation of target
lesion SLD datasets to simulate immature trial readouts, reveals
a consistent trend: published tumor dynamics models exhibit
increasingly positive prediction bias with shorter follow-up,
frequently overestimating future tumor sizes and suggesting
a premature return of tumor growth. This finding potentially
underscores a critical consideration for the application of these
models in early drug development, where decisions are often
made with incomplete data, which could lead to an overly con-
servative interpretation of long-term efficacy.

Varying degrees of prediction bias were observed among the
tested TGI models. Such bias can stem from errors in individual
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Comparison of Classical TGI models and TDNODE's relative error on seen (A) and unseen (B) clinical data. All models were fitted

or trained using available estimation data (shown as blue points) with follow-up time indicated as the plot label, and each model was used to make
individual predictions at time values beyond them (i.e., “extrapolation”, shown as red points). While the TGI models (from left to right columns:
Claret, Stein, Moore, Wang, and Bonate, respectively) exhibited a clear tendency to over predict actual tumor size values and thereby resulting in a
positive bias which grows with time, TDNODE (last column to the right) exhibits significantly less bias. Relative Percent Error (RPE) calculated as
defined in the methods section. x-axis ‘time’ is the elapsed time since baseline for each individual patient. TDNODE, tumor dynamic neural-ODE;

TGI, tumor growth inhibition.

patient parameter estimation, which may be particularly suscep-
tible to shrinkage or misestimation when models are fitted to
incomplete datasets. In essence, with limited data, a TGI model
might estimate a parameter set that adequately describes the
‘seen’ observations in a given patient, yet this set may not accu-
rately represent the true underlying tumor kinetics that would
be revealed with more complete follow-up. When applied, poten-
tially biased parameter estimates determine an entire predicted
tumor trajectory beyond the measurement window. Therefore,
while a model might effectively describe the seen data, the in-
ferred underlying dynamics (e.g., growth rates or secondary
metrics) derived from its parameters can still be biased. This
implies that follow-up bias in tumor dynamics models has po-
tential implications not just explicitly for long-term predictions,
but also potential impact on the accuracy of model-derived

parameters and descriptive metrics, even in situations where no
overt extrapolation is performed.

Classical TGI models, including those developed by Stein,
Claret, Bonate, Moore, and Wang, predominantly rely on mathe-
matical expressions incorporating somewhat simple exponential
growth and decay terms. Development of these empirical model
structures was largely informed by the typical response patterns
observed with cytotoxic chemotherapies, that is, characterized
by initial tumor shrinkage followed by eventual resistance and
regrowth. However, the diverse response patterns associated
with immune checkpoint inhibitors like atezolizumab, includ-
ing delayed responses and prolonged periods of stable disease,
frequently deviate from these assumed kinetic profiles. The
exponential growth terms in these classical models predispose

CPT: Pharmacometrics & Systems Pharmacology, 2026
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TABLE 2 | Quantification of bias and error for TGI and TDNODE models assessed at various values of follow-up times.

Mean RPE (%) Median RPE (%)Y R2%ac RMSE?4
25% enrollment
Claret 97.11 (26.61) 3.93 (1.42) 0.20 (0.26) 264.47 (221.56)
Stein 334.06 (68.35) 18.32 (3.68) 0.07 (0.03) 141.82 (30.29)
Moore 193.46 (39.60) 9.47 (1.98) 0.34 (0.05) 46.89 (5.00)
Wang 237.81 (41.79) 17.69 (3.43) 0.25 (0.05) 48.22 (4.64)
Bonate 461.75 (93.37) 28.06 (4.74) 0.04 (0.02) 133.76 (31.35)
TDNODE 61.18 (14.72) —3.09 (1.09) 0.81 (0.02) 16.83 (0.81)
50% enrollment
Claret 44.64 (5.50) 3.95 (0.59) 0.54 (0.14) 37.31 (10.89)
Stein 137.77 (13.97) 15.71 (1.22) 0.33 (0.04) 57.89 (5.50)
Moore 77.23 (8.19) 6.78 (0.61) 0.75 (0.02) 20.83 (0.93)
Wang 115.55 (10.83) 14.47 (1.22) 0.52 (0.04) 32.97 (1.85)
Bonate 123.25(11.85) 15.03 (1.17) 0.51 (0.03) 33.61 (1.82)
TDNODE 32.20(5.15) —0.77 (0.48) 0.86 (0.01) 14.95 (0.49)
75% enrollment
Claret 33.08 (7.03) 5.66 (0.44) 0.31(0.32) 173.52 (154.76)
Stein 79.30 (5.57) 22.11(0.87) 0.46 (0.09) 47.65 (10.47)
Moore 46.84 (4.27) 7.22 (0.59) 0.85(0.01) 14.13 (0.45)
Wang 68.28 (4.68) 20.94 (1.13) 0.68 (0.03) 24.95(2.13)
Bonate 68.32 (4.80) 20.96 (1.19) 0.68 (0.03) 25.01 (2.14)
TDNODE 19.49 (2.45) 1.87(0.36) 0.90 (0.01) 10.99 (0.41)

Note: For each value of follow-up time (25%, 50% and 75% of total trial duration), all models were fitted or trained with the corresponding “seen” data and subsequently
evaluated on the remaining unseen data. The predictive performance was evaluated using several evaluation metrics based on the unseen data. To derive the
predictive performance statistics, 500 bootstraps were performed from which the respective metric was computed.

2Values represent the bootstrapped mean (SD) unless indicated otherwise; SD, standard deviation.

bRelative % Error (RPE) =100 x ((Predicted — Observed)/Observed + epsilon).
°R?, R-squared.
dRMSE, root mean square error.

them to predict eventual tumor rebound, a tendency that be-
comes problematic when applied to truncated datasets from IO
trials where long-term durable responses or stable disease by
SLD is prevalent. Our analysis suggests that a fundamental mis-
match between these models’ structural assumptions and the
observed tumor dynamics, especially the relative infrequency
of SLD-based progression after initial response or stable disease
appears to contribute to this prediction bias. For instance, the
Stein model, with its assumption of unconstrained exponen-
tial growth, exhibited the most pronounced extrapolation er-
rors with bootstrapped mean RPE ranging from 79% at the 75%
truncation scenario to 334% at 25% truncation. While the Claret
model, incorporating a resistance parameter that moderates the
tumor growth term over time, showed relatively less bias (RPE
of 33%, 45%, and 97% for 75%, 50%, and 25% truncation, respec-
tively), the underlying assumption of inevitable regrowth still
contributed to overpredictions in many cases of sustained re-
sponse. Tumor regrowth patterns assumed by all of these mod-
els appear to be a less common occurrence in the observed data

while sustained responses or stable disease of SLD target lesions
comprise approximately 60% of the cases observed in the cur-
rent dataset of patients treated with atezolizumab. It should be
noted that more complex ‘immune-response’ or non-resistance
tumor models exist (e.g., models allowing prolonged tumor con-
trol or oscillating tumor-immune dynamics), but these were
not included in our analysis. We chose to evaluate the standard
pharmacometric models that are most commonly used in prac-
tice for early decision-making, even in IO trials, to illustrate the
extent of bias under current modeling paradigms.

The predominance of stable post-response trajectories in this
evaluable cohort also highlights measurement and selection con-
siderations. We classified progression using target-lesion SLD
only, whereas RECIST progression also includes non-target/
new lesions and clinical deterioration; therefore, SLD-based
“no progression” does not necessarily imply absence of clinical
progression. Additionally, we required >2 on-study SLD mea-
surements to evaluate prediction, which excludes patients who
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FIGURE4 | Comparison of the observed versus predicted SLD between Claret TGI model (A) and TNDODE (B) across the subset of patients who
had a partial response (PR) with no progression based on the modified RECIST categories outlined in the methods. Solid line represents the mean
predicted tumor dynamic profile across time, shaded region represents the 95% confidence interval around the prediction, and dashed line represents
the mean observed tumor dynamic profile across time.
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cated individual parameter estimates and the ground truth parameter estimates based on the complete dataset. The blue line represents a linear fit
and associated standard error. R =Pearson's correlation coefficient and its associated p-value.
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progressed at the first follow-up and discontinued without fur-
ther scans. This necessary design choice likely underrepresents
early progressors and should be considered when interpreting
both the observed trajectory frequencies and models’ apparent
ability to forecast progression.

The observed link between trial duration and predictive bias
suggests that derived tumor dynamics metrics are potentially
similarly affected. This potential connection between parame-
ter estimates and trial duration has possible implications for the
use of these metrics in decision-making contexts with limited
follow-up, such as early Phase Ib/II studies [8]. As our illustra-
tive analysis of the Stein model demonstrated, the growth pa-
rameter (Kg) estimated from truncated data showed increasing
deviation from the “ground truth” value obtained from the full
dataset, and this parameter bias was strongly correlated with in-
creased extrapolation error (Figure 5; p<2.2x1071). This find-
ing highlights the potential for early, limited data to potentially
yield misleading tumor model parameter estimates, particularly
for tumor growth-related parameters, when the assumed model
structure does not align with the true underlying tumor dynam-
ics and there is insufficient data to establish the true dynamics.
In practical terms, an early-trial model that overestimates the
tumor growth rate (Kg)—as we saw with truncated data—could
lead teams to falsely conclude a lack of drug efficacy, potentially
triggering a premature No-go decision for an agent that might ac-
tually show sustained benefit with longer follow-up. Conversely,
underestimating growth due to model assumptions could mask
a failing therapy. This underscores that biased model param-
eters can directly misinform critical Go/No-go and dose opti-
mization decisions. Our findings suggest that deploying more
flexible data-driven models (like TDNODE) in interim analyses
could potentially reduce the risk of these decision errors by pro-
viding more accurate patient-specific forecasts when data are
immature. The DL-based TDNODE framework, unconstrained
by pre-defined mathematical assumptions, consistently exhib-
ited the lowest prediction bias across all truncation scenarios
outlined here. Its ability to learn complex patterns directly from
the data appears to allow for more accurate capture of new types
of tumor trajectories, even with similarly limited information,
suggesting a potential advantage of such flexible approaches
in mitigating some of the inductive biases inherent in classical
pharmacometric models. While these early results for TDNODE
are promising, further research is warranted to validate the ro-
bustness of TDNODE or other similar approaches across more
diverse clinical settings and tumor types to further define the
operational characteristics of this framework.

More broadly, our results support prior recommendations to
evaluate tumor dynamic models under time-truncated condi-
tions to understand operational performance before applying
them for decisions [18]. It is already often acknowledged in
survival analyses of time-to-event data that follow-up bias and
time-dependent factors can often result in misleading associa-
tions [22, 23] and have, for example, motivated the use of joint
models of tumor kinetics and overall survival (OS) and some
prior evaluations of follow-up duration [24]. Potential mitiga-
tions against tumor modeling follow-up bias highlighted here
include ensuring comparable follow-up across arms, restrict-
ing use to settings with sufficient follow-up for the endpoint of

interest, or considering adopting alternative model structures
that better match modern IO response patterns. Historically,
many successful TGI applications have relied on the derivation
of relative metrics (e.g., comparing TGI parameters or hazard ra-
tios between concurrently enrolling randomized groups), which
can be more robust to shared follow-up limitations. In contrast,
absolute SLD forecasting in single-arm or early-readout settings
places greater weight on the structural assumptions and patient-
level parameter identifiability, making systematic follow-up
bias potentially more consequential. Insights from this work
suggest that directly tackling the fundamental causes of tumor
dynamics model-related follow-up biases and validating model
structural assumptions, rather than solely relying on relative
comparisons, could refine these approaches in such a way that it
would enhance the reliability of future results in a broader range
of clinical decision-making scenarios.

This study has limitations. First, analyses were restricted to
NSCLC and treatments within the atezolizumab program; gen-
eralizability to other tumor types, modalities, and earlier-phase
trials remains to be established. Second, the inverse-weighted
bootstrap was used as a retrospective sensitivity analysis to probe
informative dropout; prospective applications should ideally ad-
dress dropout analytically (e.g., joint tumor kinetics and time-to-
event modeling). Third, although TDNODE showed improved
predictive performance here, its mechanistic interpretability is
limited and warrants future work (e.g., explainable AI or hybrid
models). Finally, the “ground truth” parameters estimated on the
full dataset remain model-dependent, and understanding how
follow-up-driven bias propagates into downstream frameworks
(e.g., TGI-OS models) is an important next step.

In summary, our analysis underscores the importance of ad-
dressing follow-up bias to further expand successful applica-
tions of tumor dynamics modeling in drug development. The
observed positive bias in classical TGI model predictions em-
phasizes the need for careful consideration when applying
these models to immature datasets, which are particularly
prevalent in early-phase clinical trials. This study also demon-
strates the potential of alternative DL-based approaches, such
as TDNODE, to improve the reliability of longitudinal SLD
predictions in early-phase clinical decision-making. Continued
research focused on understanding and mitigating bias, vali-
dating novel tumor dynamics modeling frameworks with
modern oncology treatments, and defining operational charac-
teristics to ensure the applicability of these tools across diverse
clinical settings is essential for advancing model-informed
drug development.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Data S1: psp470239-sup-0001-
Supinfol.txt. Table S1: Summary of trial data cutoff dates and deter-
mination of data truncation by study. Figure S1: Illustrative samples
of tumor measurement times observed across patients at different fol-
low-up times within the respective clinical trials. For each of the four
NSCLC trials (IMPower130, IMPower131, IMPowerl32, IMPowerl150),
the trial duration corresponds to the difference between the time of the
last SLD measurement and the time of first dose for the first patient.
Times are shown as a percentage of the trial duration from the first
dose given. The line colors denote data that fall within the following
time intervals: blue denotes between (0, 25%) time, red denotes between
(25%, 50%) time, green denotes between (50%, 75%) time, orange de-
notes between (75%, 100%) time; note that not all subjects in the trial are
shown, only a representative subset for illustrative purposes. SLD: sum-
of-longest-diameter. Figure S2: Distributions of seen (observed) and
unseen data for each study at 25%, 50%, and 75% enrollment cuts. (A)
IMPower130 (B) IMPower131 (C) IMPowerl32 dataset (D) IMPower150
dataset. Table S2: Summary of TGI Models. Figure S3: Longitudinal
Tumor Size Reduction by Immunotherapy Status. The solid lines rep-
resent the mean tumor size for the observations across time with the
shaded region representing the 95% confidence interval. To visualize
the longitudinal trend, continuous time points were grouped into bins
based on a quantile method which divides the data into time bins with
approximately equal number of points per time bin. Figure S4: Sample
of longitudinal patient trajectories by tumor dynamic cluster. Random
Sample of 500 subjects demonstrating the qualitative trends captured in
each response category. Table S3: Quantification of error for TGI and
TDNODE models on unseen data assessed at various values of follow-up
times based on inclusion of an immune checkpoint inhibitor (10+/10-).
For each value of follow-up time (25%, 50% and 75% of total trial dura-
tion), all models were fitted or trained with the corresponding “seen”
data, and subsequently evaluated on the remaining unseen data. The
predictive performance was evaluated using several evaluation metrics
based on the unseen data. To derive the predictive performance statis-
tics, 500 bootstraps were performed from which the respective metric
was computed. Table S4: Quantification of error for TGI and TDNODE
models on unseen data assessed at various values of follow-up times
based on tumor dynamic cluster. For each value of follow-up time (25%,
50% and 75% of total trial duration), all models were fitted or trained
with the corresponding “seen” data, and subsequently evaluated on
the remaining unseen data. The predictive performance was evaluated
using several evaluation metrics based on the unseen data. To derive the
predictive performance statistics, 500 bootstraps were performed from
which the respective metric was computed. Table S5: Quantification
of error for TGI and TDNODE models on unseen data assessed at var-
ious values of follow-up times by best overall response. For each value
of follow-up time (25%, 50% and 75% of total trial duration), all models
were fitted or trained with the corresponding “seen” data, and subse-
quently evaluated on the remaining unseen data. The predictive per-
formance was evaluated using several evaluation metrics based on the
unseen data. To derive the predictive performance statistics, 500 boot-
straps were performed from which the respective metric was computed.
Patients with progressive disease (PD) were excluded due to very limited
unseen scans. Table S6: Percentage of subjects by cluster and IO treat-
ment status.
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