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Abstract. Models that predict the survival and quality of life (QoL)
in patients with malignancies can support prognostic counselling and
patient-centered evaluation of disease trajectories. Challenges in the de-
velopment of such models include incomplete data in real-world reg-
istries, including missing baseline measurements and irregular, sparse
availability of longitudinal QoL outcomes during treatment. These limi-
tations complicate the incorporation of QoL into survival prediction and
the reliable modeling of QoL over time. We address these limitations
with a novel framework to predict survival and quality of life in the
face of sparse data. The framework consists of a regularized missingness-
avoiding random survival forest (MA-RSF) for survival prediction, and
a conditional diffusion-based approach to predict QoL at various follow-
up intervals. We apply the approach to a pancreatic cancer use-case,
and evaluate it on a nationwide Dutch cohort. We find that our ap-
proach maintains high predictive accuracy (C-index 0.77) for survival
prediction and minimizes reliance on sparse pre-treatment data, includ-
ing QoL PROMs. In addition, we demonstrate that the QoL prediction
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expressed as the Static-Dynamic diffusion architecture reduces trajec-
tory prediction error (RMSE) at key follow-up intervals compared to
standard conditional generation (e.g. 12.9 vs 14.0 RMSE at 7 months).
The proposed framework facilitates the prediction of survival and QoL
outcomes in settings characterized by incomplete data and could enhance
prognostic counseling in patients with malignancies, including pancreatic
cancer.

Keywords: Quality of Life - Survival Analysis - Generative Diffusion
Models - Missing Data / Missingness-Avoidance - Pancreatic Cancer

1 Introduction

Shared decision-making for patients with poor prognosis involves a consideration
of both therapeutic goals such as extending survival and palliative goals such
as preserving quality of life (QoL). For example, the median overall survival
duration for patients diagnosed with pancreatic ductal adenocarcinoma (PDAC)
is 4 months and 5-year survival is as low as 4%, and QoL is an important
factor in shared decision-making [5]. Additionally, QoL has been established as
an independent predictor of overall survival [6]. QoL and its relation with survival
are therefore becoming increasingly important in shared decision-making.

Treatment planning in settings with a poor survival outlook is characterized
by weighing potential survival benefits of interventions against their associated
impact on QoL [9]. Prognostic survival models have been developed to assist with
patient counselling with time-to-event analysis at Concordance Index (C-index)
values in the range of 0.70-0.73 for overall survival [2, 4], and have demonstrated
improved accuracy over traditional staging systems. However, these models often
do not incorporate QoL in their predictions, limiting their usefulness for holistic
shared decision-making.

QoL is typically quantified using patient-reported outcome measures (PROMs)
that are obtained directly from patients via questionnaires. Gold standards for
QoL PROMSs have long been established for a multitude of conditions [1]. How-
ever, as these instruments rely on active patient participation, they suffer from
limited longitudinal availability. Specifically, patients can be enrolled at various
phases of their care journey which results in missing pre-treatment QoL mea-
sures, and measures at irregular intervals during treatment.

These characteristics are illustrated by the Dutch Pancreatic Cancer Project
(PACAP), which collects clinical data and patient-reported outcome measures
(PROMs) from a multicenter cohort of patients with PDAC [7]. The resulting
sparsity at both the onset of and during treatment provides technical challenges
for standard prognostic modeling techniques.

In this paper, we propose a joint modeling framework to predict survival and
QoL in the face of incomplete data. The framework integrates two components:
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Missingness-Aware Random Survival Forest (MA-RSF) which employs
RSF-specific regularization during node splitting to minimize reliance on
features with high missingness. '°

Static-Dynamic Architecture a ConDOR [3] adaptation that explicitly dis-
entangles conditioning factors, restricting the Regional Diffusion Model (RDM)
to time-invariant patient covariates and the Temporal Diffusion Model (TDM)
to dynamic treatment impulses, to better capture treatment-associated tem-
poral patterns in the QoL progression.

We validate our framework through a clinical case study. Results demonstrate
that MA-RSF maintains high survival prediction accuracy with lower reliance
on sparse pre-treatment data. Furthermore, the Static-Dynamic diffusion ar-
chitecture significantly reduces QoL trajectory prediction error (RMSE) at key
follow-up intervals compared to static conditional generation.

2 Methodology

This section details our contributions to the challenge of predicting survival and
QoL outcomes in the face of data incompleteness. First, we address missing
explanatory variables prior to treatment with a random forest robust to missing
data, including QoL, clinical, and demographics data. Second, we address missing
QoL data during the treatment with a generative conditional diffusion model.

2.1 Missingness Avoidance Random Survival Forest

We address missing pretreatment explanatory variables for survival prediction by
extending random survival forests (RSF) with techniques from the missingness-
avoidance (MA) paradigm, motivated by Stempfle et al. who argued that existing
approaches, such as mean imputation or missingness indicators, often introduce
bias or obscure model interpretability [8]. We first provide a high-level overview
of RSF and then describe the extension to the MA framework.

The RSF algorithm constructs an ensemble of de-correlated decision trees,
where each tree is grown through a recursive process of node splitting. At every
node, the algorithm evaluates a subset of candidate features to find the optimal
data partition that maximizes the survival difference between the resulting child
nodes. In traditional RSF, this is achieved via a log-rank split criterion Lyg(j, 7)
for feature j and split thresholds 7, which calculates a test statistic to identify
the feature and threshold that best separate distinct survival distributions for
the data subset associated with the current node.

We adopt the MA paradigm to survival analysis by extending its log-rank
split criterion with an additional term to minimize reliance on sparse pretreat-
ment variables. Our approach penalizes the use of missing data in its splitting
criterion by using what we refer to as the missingness-aware log-rank criterion:

LvaLr(j, 7) := LLr(j, T) — @Vmissing, j (1)

15 We release the open-source Python package https://pypi.org/project/masurvival /
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where j and 7 are as before, and Npigssing,; the number of samples in the current
node with a missing value for feature j, and o > 0 a regularization hyperpa-
rameter to control the penalty strength. The algorithm identifies a model within
the Rashomon set that optimizes predictive accuracy while minimizing reliance
on sparse variables. While this missingness-avoiding regularization mitigates in-
stability from Missing At Random patterns, and « ensures that informative
Missing Not At Random predictors are retained if their utility outweighs the
risk to model reliability.

2.2 Longitudinal QoL Prediction with Conditional Diffusion

Longitudinal QoL prediction is complicated by non-linear dynamics arising from
the stochastic interplay between disease progression and interventions. Conven-
tional imputation, such as linear interpolation, fails to characterize these fluc-
tuations, while standard forecasting architectures like RNNs and Transformers
are typically optimized for discrete, equidistant sequences. In clinical settings,
assessments often occur at irregular intervals. To address the resulting temporal
sparsity, we utilize ConDOR (Conditional Diffusion with Ordinal Regression)|3].

Our framework instantiates ConDOR as a two-stage conditional diffusion
model and introduces a static-dynamic decomposition. A first denoising net-
work (RDM) estimates the pretreatment QoL state zg at t = 0:, zg = g4(s),
based on static covariates s (e.g., demographics and pretreatment laboratory
measurements), providing a patient-specific initialization. A second denoising
network (TDM) models longitudinal state updates from t to ¢t + 1: xpq4; =
xt + fo(xs, t, 8, ut), where u; represents time-varying treatment factors at time ¢,
including intervention type (e.g., surgery /systemic therapy), treatment initiation
indicators, and elapsed time since treatment start. Therefore, Stage 2 learns how
treatment exposure modifies the QoL trajectory over time, conditional on the
patient baseline context s. The two-stage design separates (i) baseline hetero-
geneity across patients (captured by g,(s)) from (ii) treatment-driven temporal
evolution (captured by fg(zy,t, s, ut)), enabling generation of individualized QoL
trajectories under different intervention schedules.

Unlike the original ConDOR model, we drop the cohort-level priors and rely
solely on individual trajectories to prevent sparse-data averages from smoothing
over acute changes stemming from interventions.

3 Experimental Setup

A retrospective cohort study is used with data from two merged national Dutch
sources. The study period includes patients diagnosed between January 1, 2015,
and December 31, 2024. Clinical, demographic, and tumor-related data are ex-
tracted from the Netherlands Cancer Registry (NCR), a comprehensive, nation-
wide population-based registry. Longitudinal QoL PROMs are obtained from
PACAP [10] using the EORTC QLQ-C30 questionnaire [1].
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Fig. 1: Visualisation of NCR registry joined with PACAP self-reported QoL data.

The PACAP cohort represents a 9.8% subset of the full NCR registry (See Fig-
ure 1b). Merging these datasets enables the integration of static pretreatment
clinical variables with dynamic longitudinal QoL trajectories as depicted in Fig-
ure la. The 2,110 patients in the PACAP development set provide a total of
5,441 PROMs throughout their care trajectory, with a mean of 3.6 responses
per patient (median 3, max 15). Both selection bias (due to informed consent for
PACAP-PROMS) and response bias make it unlikely that the PACAP-PROMS
cohort is representative of the entire NCR cohort. The study uses two outcomes
defined as follows:

Overall Survival (OS) : the time from diagnosis to death from any cause,

Quality of Life (QoL) : the EORTC QLQ-C30 Summary Score [1], calculated
following EORTC guidelines as the mean of 13 component scales, with symp-
tom scales reversed so that higher scores indicate better QoL consistently.

Models were trained to predict these outcomes using 5-fold cross-validation on
the development set. For MA-RSF, we additionally performed a 10-fold parame-
ter search, identifying e = 0.1 as the optimal regularization value. Performance
was evaluated via the C-index and RMSE on held-out test sets stratified by
cohort (PACAP vs. Full NCR) to assess generalization to broader populations.

3.1 Data Pre-processing and Feature Representation

For the MA-RSF survival prediction model, static pretreatment variables cap-
tured at diagnosis were included, including demographics (age, sex), WHO per-
formance status, comorbidities (Charlson Comorbidity Index), laboratory values
(e.g., CA19-9, Albumin, CRP), and tumor characteristics (e.g. metastasis status,
vasculature involvement). The functioning and summary scores of the QLQ-C30



6 A. Lisowska et al.

SHAP Bar Plot - PACAP_Missingness_Imputed SHAP Bar Plot - PACAP_Missingness_Aware_alpha0.1

Liver Metastasis +36.53 TNM Stage
CA19-9 +32.25 ™

Age Category CA19-9
Venous Involvement

QLQ Physical Func.

Differentiation Grade

Liver Metastasis
Differentiation Grade
Clinical TNM Stage
Age Category

CRP

Clinical Tumor Size
CRP
Arterial Involvement Clinical Tumor Size

LDH Venous Involvement

QLQ Physical Func/

T

Bilirubin
CCl Category

Albumin Albumin

QLQ Emotional Func.

Peritoneal Metastasis
QLQ Role Func.
QLQ Cognitive Func.

Charlson Comorbidity Index

Bilirubin
CCl Category

Charlson Comorbidity Index
LDH

WHO Performance Status

Sum of 11 other features Sum of 11 other features

o 5 10 15 20 25 30 35 40 o 10 30
mean(|SHAP valuel) mean(|SHAP value|)

(a) RSF (Missing Imputed), o = 0.0 (b) MA-RSF, a = 0.1

40

Fig.2: Feature importance (SHAP) comparison between standard imputation
and missingness-avoiding regularization (o = 0.1) on the PACAP test set.

were included where available. In the PACAP development cohort, 9% lacked
valid PROMs. Baseline PROMs were defined as the first valid PROM prior to
treatment initiation, or the first valid PROM overall for untreated patients. Base-
line PROMSs were available for 47% of patients and occurred on average 20 days
after diagnosis. Features were organized for the static-dynamic ConDOR model
for QoL trajectory prediction as follows. Both models were conditioned on time
since diagnosis (continuous) and clinical tumor stage (ordinal). For the static
diffusion model that predicts pretreatment baselines, time-invariant features in-
cluding age, sex, season of diagnosis, CCI, and pretreatment laboratory values
were used. For the dynamic model a time-dependent vector capturing treatment
events was used. Both surgery and systemic therapy were encoded using: 1) a bi-
nary feature indicating treatment occurrence; 2) a cumulative status (post-event
binary flag); and 3) a time-since-event counter to model non-linear recovery.

3.2 Survival Experiment Design

MA-RSF was evaluated against three common strategies: 1) Missing Vars
Dropped (exclusion of features with missing values); 2) Missing Imputed
(mean/mode imputation); and 3) Missing Indicated (sentinel constant -999).
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Table 1: Survival Prediction Performance on the test set (C-index 1

[std]). The best and second-best performance within each training—test set
block are highlighted.

Training set Missingness handling strategy PACAP NCR
Missing Vars Dropped 0.691 [0.002 0.664 [0.003
Missing Imputed 0.705 [0.002 0.696 [0.005
Missing Indicated 0.704 [0.002 0.693 [0.005
Missing Avoiding 0.706 [0.002 0.701 [0.003

PACAP
Missing Vars Dropped -+ Treatment 0.760 [0.002 0.731 [0.002
Missing Imputed + Treatment 0.760 [0.002 0.749 [0.006
Missing Indicated + Treatment 0.760 [0.002 0.740 [0.009
Missing Avoiding + Treatment 0.761 [0.002 0.748 [0.005
Missing Vars Dropped 0.701 [0.003 0.683 |0.001
Missing Imputed 0.729 [0.002 0.744 10.000
Missing Indicated 0.727 [0.002 0.743 [0.001
Missing Avoiding 0.731 [0.002 0.744 [0.001

NCR
Missing Vars Dropped + Treatment 0.769 [0.001 0.730 [0.001
Missing Imputed + Treatment 0.775 [0.002 0.772 [0.001
Missing Indicated + Treatment 0.774 [0.001 0.770 [0.001
Missing Avoiding + Treatment 0.775 [0.001 0.770 [0.001

3.3 QoL Synthesis Design

The diffusion networks were implemented in PyTorch and optimized jointly using
Adam with a decoupled learning rate strategy (1 x 10=2 for RDM; 5 x 10~* for
TDM) to stabilize training on sparse treatment signals. The objective function
minimized Mean Squared Error (MSE) for noise prediction (RDM) and state
transitions (TDM). Early stopping was applied based on validation loss within
a 5-fold cross-validation scheme. 16

To quantify architectural contributions, we compared four configurations in
an ablation study: (i) Baseline, conditioned solely on tumor stage and time
since diagnosis; (ii) RDM (Clinical), adding static pretreatment features to
the RDM; (iii) TDM (Treatment), adding dynamic treatment vectors to the
TDM; and (iv) Static-Dynamic (Full), the integrated architecture utilizing
demographic/clinical static features and dynamic treatment impulses.

4 Results

4.1 Overall Survival.

We validated the effectiveness of the MA penalty by analyzing feature impor-
tance (SHAP) distributions (Figure 2). In the unregularized model (o = 0.0),
the QLQ Summary Score ranked as the fourth most important predictor. Con-
versely, the MA-RSF (a = 0.1) successfully deprioritized this frequently missing
variable, dropping it to eighth place while maintaining predictive performance.

16 https://github.com/anli66 /panc-surv-qol
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Table 2: QoL Synthesis Ablation Table 3: Monthly RMSE: Baseline vs. S-D

(RMSE) Month Base. S-D p-val
Config. To Full 1 25.99 24.53 0.149
Baseline 25.60 12.85 3 14.07 - 13.97 0'711**
. 4 13.41 12.90 0.005
RDM (Clin.) 25.10 13.50 .
6 14.18 13.80 0.014

TDM (Treat.) 26.37 12.58 .
Full Model (S-D) 26.26 12.20 7 14.01 12.920.006
| . 10 13.15 11.89 0.052
13 11.93 10.83 0.031*

Notably, the importance of variables with low missingness (e.g., arterial involve-
ment, 3.5% missing) was also reduced, indicating the regularization successfully
isolates the most robust core predictors.

Table 1 reports predictive performance. As anticipated, dropping incomplete
variables significantly degraded performance (paired Student’s ¢-test on aligned
fold-specific C-index p < 0.01). While standard imputation performed compa-
rably to the missingness-aware (MA) approach within the training distribution
(PACAP), the MA-RSF showed more robust generalization to the broader NCR
cohort, achieving competitive accuracy while reducing reliance on sparsely ob-
served inputs. However, this advantage diminishes when treatment variables are
introduced or when the model is trained on the full NCR registry. The differences
between MA-RSF and Imputation are not significant.

4.2 Longitudinal QoL.

Ablation results (Table 2) confirm the efficacy of the Static-Dynamic architec-
ture. While paired Student’s t-tests showed no significant differences in baseline
(To) prediction errors, the S-D configuration (RDM Clinical + TDM Treatment)
achieved the lowest overall trajectory error. This full model significantly outper-
formed the RDM (Clin.) (p = 0.03) and demonstrated a borderline-significant
improvement over the baseline (p = 0.05). For the PACAP study, question-
naires are sent every three months; our analysis focused on months in the test
set where at least 100 patients responded. Monthly RMSEs were obtained from
5-fold CV on the Black Envelope set, and Baseline vs. Static-Dynamic (S-D)
differences were assessed with paired two-sided t-tests on fold-matched RMSEs
(n=5 folds), since errors are not independent across models. Table 3 shows signif-
icant improvements (p < 0.05) at 4, 6, 7, and 13 months. Across-month p-values
are correlated and should be interpreted as exploratory.

5 Discussion and Conclusion

This study addresses the challenges of baseline feature missingness and longitu-
dinal sparsity in oncological survival and QoL modeling. Our results demonstrate
that incorporating missingness-avoidance regularization into survival forests (MA-
RSF) effectively shifts model reliance away from sparse baseline variables toward
robust clinical variables. Unlike standard imputation, which risks introducing
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bias when data are structurally missing (e.g., patients referred late in the care
pathway), the MA approach learns a valid decision policy within the Rashomon
set that prioritizes observable features. Consequently, the model maintains gen-
eralization performance across the broader NCR population where pretreatment
QoL is frequently unavailable.

For longitudinal prediction, the proposed Static-Dynamic adaptation of Con-
DOR offers a methodological advancement over static conditional diffusion. By
architecturally disentangling static patient phenotypes from dynamic treatment
impulses, the model is constrained to learn state transitions as responses to in-
terventions rather than demographic correlations. This yielded improvements in
RMSE at 4, 7, and 10 months—critical windows for evaluating treatment effi-
cacy. However, the absolute RMSE values remain relatively high, reflecting the
inherent stochasticity of self-reported well-being and the complexity of unmea-
sured confounders in registry data.

Limitations: Our validation is restricted to a Dutch cohort, which may limit
generalizability to healthcare systems with different care pathways. In addition,
the PACAP-PROMS cohort is subject to both selection bias and response bias,
which together reduce the representativeness of the QoL trajectory relative to
the full population of patients. Our current framework also relies on pretreat-
ment clinical variables that are updated only by treatment events for the primary
tumor and does not incorporate time-varying clinical biomarkers (e.g., longitu-
dinal CA19-9 or albumin), which could provide important physiological context
to further refine trajectory predictions.

Conclusion: We present a robust pipeline for PDAC prognosis that navigates the
irregularities of real-world clinical data. By harmonizing missingness-avoidant
survival analysis with conditional QoL trajectory generation, this framework
moves closer to enabling personalized, holistic risk assessment in oncology.
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for AT Activity Classes 6 and 7. The authors reviewed the results and take full
responsibility for the contents of the manuscript.
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