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Abstract

Postoperative outcome forecasting is a stringent
test of whether frozen medical foundation-model
embeddings can support clinically meaningful in-
telligence: predictions must remain useful under
censoring, limited event counts, and comparison
with established clinical anchors. We study two-
year disease-free survival (DFS) forecasting in
an anonymized in-house resected NSCLC/LUAD
cohort with paired preoperative computed tomog-
raphy (CT) and postoperative hematoxylin-and-
eosin whole-slide images (WSI). Using frozen
patient-level embeddings, we evaluate a complete
2 x 2 matrix of CT foundation models (Pillar-0,
CT-FM) and pathology foundation models (TI-
TAN, Prov-GigaPath), together with WSI-only,
CT-only, and score-level fusion models. Sim-
ple late averaging is the most stable fusion rule
across all model combinations; the strongest TI-
TAN plus Pillar-0 setting reaches a C-index of
0.799 and AUROC of 0.810, improving over its
matched WSI-only baseline. However, a stage-
only clinical anchor reaches a C-index of 0.837
and AUROC of 0.840 in the same task, and an ex-
ploratory TCGA-KIRC stress test similarly favors
clinical/Leibovich-like baselines over frozen im-
age embeddings. These results support a clinically
anchored view of multimodal foundation embed-
dings: they are scalable forecasting substrates,
but their value should be judged by incremental
benefit, calibration, and robustness rather than by
standalone image-only performance.

1. Introduction

Forecasting is not merely retrospective classification with
delayed labels. It asks whether a model can anticipate future
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events under uncertainty and remain useful when outcomes
are censored, updated, or compared with simpler risk signals
already available to clinicians (Gneiting & Raftery, 2007;
Makridakis et al., 2020). Postoperative oncology is a natural
setting for this framing: recurrence and survival outcomes
are delayed, clinically consequential, and shaped by both
tumor biology and treatment context.

Postoperative recurrence forecasting is therefore a useful
test bed for multimodal foundation models. CT captures
macroscopic tumor burden, anatomy, and host context,
whereas WSI captures microscopic morphology, stromal
composition, and tumor microenvironment. A multimodal
representation has a plausible route to incremental value
when both modalities are routinely collected around surgery.
The hard question is not whether image embeddings contain
signal in isolation, but whether that signal remains stable
and clinically interpretable when compared with standard
prognostic anchors.

Recent pathology and radiology foundation models make
this question practically testable. Whole-slide models such
as TITAN, UNI, and Prov-GigaPath produce transferable
slide- or patient-level representations (Chen et al., 2024,
Ding et al., 2025; Xu et al., 2024), and CT foundation
models such as Pillar-0 and CT-FM provide transferable
volumetric representations (Agrawal et al., 2025; Pai et al.,
2025). Prior pathology and multimodal studies have re-
ported cancer outcome signals from histology or CT-WSI
fusion (Coudray et al., 2018; Wulczyn et al., 2020; Boeke
et al., 2025; Song et al., 2025; Vanguri et al., 2022). Yet
it remains unclear whether frozen, general-purpose image
embeddings provide robust incremental value in smaller real-
world cohorts, and how such value should be interpreted
when strong clinical variables are available.

We frame the paper around three questions. First, can frozen
CT and WSI foundation embeddings be combined without
end-to-end retraining for postoperative DFS forecasting?
Second, are the resulting gains stable across a matrix of
foundation-model backbones rather than tied to a single
favored pairing? Third, how should image-only or image-
fusion performance be interpreted against clinical anchors?
Our contribution is a compact benchmark of score-level
fusion over a complete 2 X 2 model matrix in an in-house
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lung cancer cohort, with explicit clinical anchoring, case-
level risk comparison, and a secondary renal-cancer stress
test used only to probe robustness.

2. Methods
2.1. Cohorts and Task

The primary cohort contains 620 anonymized patients with
resected NSCLC/LUAD and paired preoperative CT and
postoperative H&E WSI. The primary benchmark evalu-
ates two-year DFS among cases with sufficient endpoint
ascertainment, yielding 466 eligible patients and 56 DFS
events. Models are trained and evaluated with balanced
cross-validation folds, and all performance values reported
below are pooled out-of-fold estimates.

As a secondary stress test, we reuse the same score-level
evaluation logic in TCGA-KIRC with paired CT and WSI,
using a recurrence-like survival endpoint. This analysis is
deliberately exploratory: it tests whether the interpretation
from the lung cohort is directionally consistent in another
organ system, not whether renal cancer should become the
main empirical claim. For renal cancer, comparison with a
Leibovich-like baseline is important because mature postop-
erative risk systems already summarize strong stage, grade,
size, and necrosis signals (Leibovich et al., 2003).

2.2. Frozen Foundation Embeddings

For CT, we evaluate Pillar-0 and CT-FM. Pillar-0 is a radi-
ology foundation model pretrained on multi-organ CT and
MRI volumes and evaluated across hundreds of radiologic
findings, including long-horizon lung cancer risk prediction
(Agrawal et al., 2025). CT-FM is a 3D CT foundation model
pretrained on 148,000 CT scans from the Imaging Data
Commons by label-agnostic contrastive learning (Pai et al.,
2025). For WSI, we evaluate TITAN and Prov-GigaPath. TI-
TAN is a multimodal whole-slide foundation model trained
with visual self-supervision and vision-language alignment
to produce general-purpose slide representations (Ding et al.,
2025). Prov-GigaPath is an open-weight whole-slide foun-
dation model pretrained on 1.3 billion pathology tiles from
171,189 slides across 31 tissue types (Xu et al., 2024). We
keep all foundation encoders frozen and train lightweight
task heads on their patient-level embeddings.

2.3. Score-Level Fusion

Let 25 and 2}'*! denote frozen patient-level CT and WSI
embeddings for patient . Modality-specific Cox heads (Cox,
1972) produce base risk scores

We focus on three score-level fusion rules, illustrated in
Figure 1. Late average uses no learned combiner:

1 .
5 = 3 (5" + s )

Late stacking learns a fold-local linear Cox combiner from
base scores, following the principle that stacked models
should be trained on out-of-fold predictions rather than in-
sample fitted scores (Wolpert, 1992):

8i = go ([s)™,55]) . 3)

Anchor residual stacking uses WSI as the anchor score and
asks the CT score to enter through a residual contrast:

A; = st — s;’m, 3, =r¢ ([S?Si, AJ) . “4)

For learned combiners, the training features are generated
from inner out-of-fold base scores within each outer train-
ing fold, and the fitted combiner is then applied to held-out
patients. This prevents the score-level model from seeing
in-fold base predictions for the cases it is trained to combine.
Two-year event probabilities are obtained by fold-local lo-
gistic calibration of the final risk score; ranking metrics use
the Cox risk score.

2.4. Evaluation and Clinical Anchoring

We report pooled out-of-fold AUROC for two-year DFS,
Harrell’s concordance index, Brier score, and PRAUC (Har-
rell et al., 1996; Graf et al., 1999). Clinical-only Cox
baselines are trained on available clinicopathologic vari-
ables. The most compact anchor uses pathologic stage
alone; broader anchors include TNM, tumor size, grade,
STAS, visceral pleural invasion, lymphovascular invasion,
and available molecular variables. These anchors are cali-
bration points for whether foundation embeddings add clin-
ically meaningful forecast information beyond variables
already available to clinicians (Yang et al., 2017; Steyerberg
et al., 2012; Van Calster et al., 2019; Collins et al., 2024;
Moons et al., 2025).

3. Results
3.1. Cross-Model Feasibility

Table 1 summarizes the complete foundation-model matrix.
Across all four CT-WSI pairings, late average improves
the matched WSI-only C-index, with gains from 0.0066 to
0.0349. The strongest configuration is TITAN plus Pillar-
0, reaching C-index 0.799 and AUROC 0.810. The pat-
tern is informative in both positive and negative directions:
WSI-only embeddings provide the stronger unimodal signal,
CT-only embeddings are above random but weaker, and
fusion is beneficial only when constrained to a low-variance
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Figure 1. Score-level fusion after unimodal prediction. Frozen CT and WSI patient embeddings are first mapped to modality-specific Cox
risk scores. Late average, late stacking, and anchor residual stacking then operate only on these base scores, using out-of-fold training

scores for learned combiners.

score-level operation. This suggests that CT and WSI em-
beddings are weakly complementary, but that the available
event count does not support flexible fusion without stronger
regularization or additional data.

3.2. Fusion Rules and Clinical Anchors

Table 2 compares fusion variants for the best image-only
pairing against clinical anchors. Late average is the
strongest and most stable image-only fusion rule. In con-
trast, learned score stacking and anchor residual stacking
underperform, consistent with the risk that even lightweight
learned combiners can overfit when only 56 DFS events are
available (Peduzzi et al., 1995; Vittinghoff & McCulloch,
2007; Ogundimu et al., 2016; Riley et al., 2019). This is not
a failure of multimodal learning in general; it is an empiri-
cal constraint on what can be claimed from a modest-event
postoperative cohort.

The clinical anchors are deliberately strong. A stage-only
clinical anchor reaches C-index 0.837 and AUROC 0.840,
exceeding the strongest image-only fusion model. Broader
clinicopathologic and molecular feature sets remain compet-
itive but do not exceed stage alone in this endpoint snapshot.
This result is central to the paper’s message: foundation
embeddings are feasible and reusable, but their incremen-
tal value must be demonstrated against clinically familiar
predictors, not only against unimodal image baselines.

Figure 2 shows this at the patient level: fusion can rescue
some WSI-only rankings, clinical anchors can dominate
uncertain image scores, and fusion can attenuate plausible
false positives. These examples are illustrative audits of risk
shifts, not additional evidence of superiority.

The exploratory TCGA-KIRC stress test supports the same
cautionary interpretation. In 198 paired cases with 47
recurrence-like events, a Leibovich-like clinical baseline
reaches C-index 0.815 and AUROC 0.825, while TITAN
WSI-only reaches C-index 0.617 and AUROC 0.640; CT-
only and CT-WSI late-average models remain weaker. Thus,

the renal cohort is not used here as an additional success
claim. Instead, it motivates the clinical-anchoring stance:
frozen image embeddings may contain transferable signal,
but image-only forecasting can be dominated by mature,
organ-specific clinical risk systems.

4. Discussion

The central message is clinically and methodologically con-
servative. Frozen CT and WSI foundation embeddings can
be converted into postoperative forecasting scores, and a
complete 2 x 2 matrix shows that simple late averaging pro-
vides repeatable multimodal gain over matched WSI-only
baselines. However, pathologic stage remains the best com-
pact anchor in the lung cohort, and a Leibovich-like baseline
dominates image-only embeddings in the renal stress test.
The right interpretation is therefore not that images beat
clinical variables, but that frozen image embeddings pro-
vide scalable candidate forecasts whose incremental value
must be tested against clinical anchors, calibration, event
fraction, and censoring structure (Van Calster et al., 2019;
Vickers & Elkin, 20006).

Why does late average outperform learned score combiners
here? The likely reason is bias-variance tradeoff under event
scarcity. CT and WSI base scores appear weakly comple-
mentary but noisy; a simple average has almost no tuning
capacity and can behave as a variance-reducing ensemble
(Breiman, 1996). In contrast, stacking must estimate com-
bination weights from limited events, and those weights
can become unstable if base predictions are noisy, imper-
fectly calibrated, or correlated differently across folds. This
negative stacking result is therefore an important finding:
frozen embeddings reduce the representation-learning bur-
den, but they do not remove the need for event-aware model
development.

Several methodological extensions remain future work. Pe-
nalized Cox models, survival ensembles, random survival
forests, gradient-boosted survival models, and neural sur-
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Table 1. Primary in-house DFS benchmark across the complete frozen foundation-model matrix. Values are pooled out-of-fold estimates
on 466 eligible patients with 56 two-year DFS events. AC' is the late-average C-index gain over the matched WSI-only model.

WSI encoder CT encoder WSI-only C  WSI-only AUROC CT-only C CT-only AUROC Late avg C Late avg AUROC AC
TITAN Pillar-0 0.782 0.804 0.610 0.619 0.799 0.810 +0.017
TITAN CT-FM 0.782 0.804 0.562 0.562 0.789 0.801 +0.007
Prov-GigaPath  Pillar-0 0.742 0.762 0.610 0.619 0.777 0.789  +0.035
Prov-GigaPath CT-FM 0.742 0.762 0.562 0.562 0.758 0.768 +0.016
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Figure 2. Representative CT, WSI, and out-of-fold risk comparisons for three held-out patients. Each row pairs a representative CT slice,
WSI thumbnail, and risk bars from the same case: Case A illustrates image-fusion rescue, Case B clinical-anchor rescue, and Case C
false-positive correction. Bars compare WSI-only, CT+WSI late-average fusion, and stage-only predictions; labels report percentile rank

and calibrated two-year event probability.

Table 2. Clinical anchors and fusion variants in the primary in-
house benchmark. Image rows use TITAN plus Pillar-0.

Model C-index AUROC Brier PRAUC
Stage-only clinical anchor 0.837 0.840 0.083 0.406
Extended molecular anchor 0.808 0.826  0.087 0.419
Clinicopathologic core anchor 0.796 0.815 0.084 0.440
WSI-only 0.782 0.804 0.103 0.365
CT-only 0.610 0.619 0.115 0.185
Late average 0.799 0.810 0.100 0.346
Late stacking 0.535 0.747  0.097 0.291
Anchor residual 0.577 0.742  0.097 0.294

vival objectives may become useful when the multimodal
cohort is larger or externally validated (Hothorn et al., 2006;
Ishwaran et al., 2008; Katzman et al., 2018). Representation-
level fusion and clinically anchored residual modeling are
also promising, but the present benchmark supports a low-
capacity score-level strategy and transparent clinical anchor-

ing.

Limitations follow from this design: the primary cohort is
single-institution; the two-year DFS event count is modest;
CT and WSI are not synchronous measurements; TCGA-
KIRC is exploratory rather than external validation; and all
encoders are frozen. These constraints sharpen the work-
shop message: reusable multimodal embeddings require
anchoring, calibration, event-maturity sensitivity, and exter-
nal validation.

5. Conclusion

Frozen multimodal foundation embeddings support feasible
CT-WSI postoperative forecasting across multiple model
pairings, with late averaging providing the most reliable
image-only gain. Their most defensible role is as clini-
cally anchored forecasting components whose incremental
value is tested across cohorts, endpoint definitions, and
foundation-model backbones.
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