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ABSTRACT

Segmentation models can surpass radiologists, classification models, and vision-language models in
tumor detection. Importantly, segmentation models outline tumors, allowing radiologists to better
verify and trust the AI output. Their main limitation is the scarcity of tumor masks: creating one 3D
tumor mask takes up to 30 minutes, so most public CT datasets contain only a few hundred masks,
and even the largest private datasets contain only a couple of thousand. Tumor masks are not produced
in clinical routine, but radiology reports are. Public datasets contain tens of thousands of CT-Report
pairs, and hospitals contain hundreds of thousands. These reports describe tumors in detail, providing
large-scale, informative training data. Here, we introduce Report Supervision (R-Super), a training
framework that uses reports to directly supervise and improve tumor segmentation. R-Super introduces
new loss functions that teach segmentation models to segment tumors that match report descriptions
of tumor count, sizes, and locations. Reports are only used for training. We evaluated R-Super on
kidney and pancreatic tumor segmentation, exploring diverse training data sizes, up to 41,418 CT-
Report plus 3,488 pancreatic tumor CT-Mask pairs. On external validation, R-Super increased tumor
detection F1-Score and segmentation DSC by up to +15% with respect to mask-only training. It also
surpassed alternative methods such as CLIP and multi-task learning. Leveraging numerous readily

available reports to supplement scarce masks, R-Super strongly improves Al performance when very
few training masks are available (e.g., 50), and when many masks are available (e.g., 3,488), unlocking
scale in tumor segmentation. Project: https://github.com/MrGiovanni/R-Super.

1. Introduction

Tumor detection in CT remains difficult: over 50% of
small pancreatic tumors are missed at first read, even by
experienced radiologists (Hoogenboom et al., 2022). Kidney
tumor detection is also challenging: studies have shown that,
on non-contrast CT, radiologists missed 22% of small kidney
tumors, while on contrast-enhanced CT (non-delayed), 11—
23% of tumors were missed (Gobara et al., 2019; Zeman
et al., 1996). Al segmentation can support early detection
because segmentation models reveal where tumors are, al-
lowing radiologists to better understand and verify the Al
output. Additionally, segmentation models often surpass
other Al models in tumor detection accuracy, including clas-
sification models (Hooper et al., 2023) and vision-language
models (Bassi et al., 2025b). Finally, segmentation models
can surpass human performance in tumor detection, since
segmentation models can perceive subtle image abnormali-
ties that may be imperceptible to humans (Cao et al., 2023;
Li et al., 2026b).

Despite their large potential, tumor segmentation models
face a long-standing limitation: the scarcity of tumor masks.
Tumor segmentation masks are outlines of tumors in medical
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images, needed to train tumor segmentation models. Cre-
ating masks is expensive and time-consuming. Creating a
single mask in a 3D scan can take a radiologist 30 minutes
(Zhou et al., 2025). Creating a private dataset with 3,488
pancreatic tumor masks (JHH dataset) required 8 radiolo-
gists, 5 years, and millions of dollars (Xia et al., 2022).
Public datasets are even more limited. The majority of the
public CT datasets have fewer than 100 tumor masks, few
surpass 1,000 tumor masks, and none exceeds 2,000 masks
per tumor type (Li et al., 2025b; Antonelli et al., 2021;
Landman et al., 2017; Li et al., 2024; Chen et al., 2025).
Tumor masks are scarce because radiologists do not create
them as part of their job, but they write radiology reports.
Hospitals therefore hold hundreds of thousands of reports,
and the public Merlin dataset alone contains over 25,000 CT-
Report pairs (Blankemeier et al., 2026). Crucially, reports
describe exactly what segmentation models need to learn:
tumor count, location, and size.

Reports are abundant and detailed, so they may be a key
to unlocking scale in tumor segmentation, as text supervision
has unlocked scale in general computer vision and natural
language processing (Radford et al., 2021). Therefore, we
ask: can reports supplement masks and scale tumor segmen-
tation datasets, improving tumor segmentation Al?
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Previous work has used radiology reports to improve
tumor segmentation. Studies extracted classification labels
from reports (e.g., pancreatic tumor present vs. absent). They
used image-label pairs, along with image-mask pairs, to train
multi-task learning (MTL) models for classification and
segmentation (Zhang et al., 2021). Studies have also used
reports to create foundational vision-language Al models,
by pre-training them with CT-Report pairs and contrastive
losses (e.g., CLIP) (Blankemeier et al., 2026). These mod-
els can be fine-tuned for tumor segmentation using tumor
masks. However, MTL- and CLIP-based models share lim-
itations: they do not use reports to directly improve tu-
mor segmentation. Instead, reports optimize auxiliary tasks
(classification or report-image contrastive alignment). The
benefit of these auxiliary tasks to segmentation is indirect
and, in our experiments, small or even negative (Tab. 1).

Here, we introduce Report Supervision (R-Super), a
training framework that uses radiology reports to directly
optimize tumor segmentation. R-Super trains segmentation
models to segment tumors that match the tumor descriptions
in reports. To this end, we introduce two loss functions, the
Volume Loss and Ball Loss. These loss functions penalize
differences between segmented tumors and reported tumor
count, sizes, and locations (organ or organ sub-segments).
This information is extracted from radiology reports by a
large language model (LLM) before segmentation training.
R-Super can train any segmentation architecture and uses re-
ports only at training time, not at inference. Unlike previous
methods, R-Super uses reports to directly optimize tumor
segmentation, enabling better tumor detection and segmen-
tation. R-Super trains with both CT-Report pairs and CT-
Mask pairs, together. For CT-Report pairs, R-Super trains
with the Volume Loss and Ball Loss. For CT-Mask pairs,
R-Super trains with standard segmentation losses (Dice and
cross-entropy). Therefore, with R-Super we can scale CT-
Mask datasets with many CT-Report pairs, improving tumor
detection and segmentation performance.

To train R-Super, we built two new private CT-Report
datasets, sourced from the University of California San Fran-
cisco (UCSF) Hospital and nearby institutions: UCSF-Train
(6,718 CT-Report pairs, kidney and pancreatic tumors) and
UCSF-Huge (41,418 CT-Report pairs, 28,295 pancreatic
tumor images). To test R-Super and to contribute data to
the field, we built a new public CT-Report dataset (684 CT-
Report pairs, 445 with pancreatic tumors).

We performed three main experiments. First, to demon-
strate that reports improve tumor segmentation when few or
many masks are available, we trained R-Super on UCSF-
Train CT-Report pairs plus few (50), medium (344), and
many (1.7K) CT-Mask pairs. Second, to demonstrate that
reports can scale a state-of-the-art public segmentation
dataset, improving performance, we added 1,848 public pan-
creatic tumor CT-Report pairs from Merlin (Blankemeier
et al., 2026) to PanTS (Li et al., 2025b) (926 masks), the
largest public pancreatic mask dataset. Third, to demonstrate
that reports can also scale a massive private mask dataset,
improving performance, we added 41,418 CT-Report pairs

from UCSF-Huge to JHH (Xia et al., 2022) (6,212 CT-Mask
pairs, 3,488 with pancreatic tumors), the largest private
pancreatic mask dataset, annotated by 8 radiologists over 5
years. In all experiments, R-Super leveraged reports to im-
prove tumor detection (sensitivity, specificity) and segmen-
tation (DSC, NSD), with external validation on hospitals
unseen during training. Furthermore, R-Super consistently
surpassed alternative training methods (CLIP (Radford et al.,
2021), MTL (Zhang et al., 2021), Models Genesis (Zhou
et al., 2021), standard mask-based segmentation (Gao et al.,
2022), nnU-Net (Isensee et al., 2021), and report-guided
pseudo-labels (Bosma et al., 2023)), some of which can also
leverage reports. Our main contributions are:

1. R-Super introduces loss functions that optimize seg-
mented tumors to be consistent with radiology reports.
To the best of our knowledge, the R-Super losses
are the first to use reports to directly optimize tumor
segmentation in CT.

2. R-Super uses reports to improve tumor detection and
segmentation whether few or many masks are avail-
able for training (up to +15% F1-Score and DSC
over training with masks alone on external validation,
Tab. 2).

3. R-Super uses reports to improve performance even
on top of state-of-the-art mask datasets, both public
(PanTS, Sec. 4.2) and private (JHH, Sec. 4.3).

4. By supplementing contrast-enhanced CT-Mask datasets
with non-contrast CT-Report pairs, R-Super improves
the detection of pancreatic tumors on non-contrast CT
scans (Sec. 4.3).

5. We release a new public CT-Report dataset, with
684 CT-Report pairs, focusing on pancreatic tumors
(Sec. 4.3).

2. Related Work

We compare R-Super against six alternative training
methods for tumor segmentation: standard mask-supervised
segmentation (MedFormer (Gao et al., 2022), nnU-Net
(Isensee et al., 2021)), self-supervised pre-training (Mod-
els Genesis (Zhou et al., 2021)), CLIP pre-training with
segmentation fine-tuning (Radford et al., 2021), multi-task
learning (Chen et al., 2019; Zhang et al., 2021), and report-
guided pseudo-labels (Bosma et al., 2023). Most of these
alternative methods either ignore reports or use them to
supervise an auxiliary training task, whereas R-Super uses
reports to directly optimize the tumor segmentation output.
We develop these comparisons below. We then explain how
this paper extends our previous work.

2.1. Alternative Training Methods

CLIP. A common way to use reports for tumor seg-
mentation today is contrastive language—image pre-training
(CLIP). Most medical vision-language models (VLMs) are
pre-trained with variants of the CLIP loss (Blankemeier
et al., 2026; Hamamci et al., 2024; Sellergren et al., 2025).
These losses pre-train the Al model by giving it a set of
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images and a set of texts and asking it to find the correct
image-text pairs across the two sets. After pre-training, the
models can be fine-tuned for tumor segmentation using
masks. The features learned by the model during pre-training
may help it learn segmentation, but this benefit is indirect
and, in our experiments, small or even negative (Tab. 1). A
low CLIP loss during pre-training does not guarantee high-
quality segmentation. In contrast, the Report Supervision
losses supervise the segmentation output itself, penalizing
the model whenever the segmented tumors disagree with
the tumor descriptions in the report. A low R-Super loss
therefore corresponds, by construction, to segmentations
that match the reports.

Multi-task Learning. Multi-task learning (MTL) frame-
works (Chen et al., 2019; Zhang et al., 2021) proposed
that classification can improve segmentation. In MTL, both
segmentation and classification are learned together, by the
same model. Features that the model learns for classification
can also help segmentation. However, there is no guarantee
that one task will help the other. In some cases, this mutual
help was marginal or absent (Bassi et al., 2024a). Like CLIP,
MTL uses reports to indirectly improve segmentation, so a
model can achieve strong classification and poor segmenta-
tion. In contrast, R-Super directly uses reports to supervise
segmentation.

Weakly Supervised Learning and Promptable Seg-
mentation Models. Medical segmentation methods have
reduced segmentation mask requirements using alternative,
weaker sources of supervision, such as bounding boxes
and scribbles. DeepCut learns segmentation from bounding
boxes (Rajchl et al., 2017), while scribble-supervised meth-
ods learn from sparse lines drawn within target structures
(Can et al., 2018). Weaker annotations, such as drag-and-
drop marks, can also localize tumors in volumetric data at
a much lower cost than masks (Chou et al., 2024). More
recently, promptable foundation models such as SAM and
MedSAM convert points or bounding boxes into segmen-
tation masks (Ma et al., 2024). These approaches can re-
duce annotation effort relative to per-voxel segmentation
masks, but their spatial annotations or prompts must still
be deliberately created and are not routinely available in
hospital archives. In contrast, radiology reports are routinely
produced and available at scale in hospitals. R-Super uses
reports to supervise tumor segmentation without requiring
new annotations. Some weak-supervision methods use their
annotations (e.g., bounding boxes) only during training,
whereas promptable models such as SAM and MedSAM
require a point or bounding box at inference to identify the
object to segment (e.g., a tumor). This inference-time re-
quirement is particularly limiting for tumor detection: SAM
assumes that a radiologist or another Al system has already
detected and roughly localized the tumor and is therefore not
directly designed to assist in tumor detection.

Self-supervised Learning. Self-supervised training meth-
ods can learn from CT scans alone, using neither masks nor
reports. Masked autoencoders (e.g., Models Genesis (Zhou
et al., 2019, 2021; Haghighi et al., 2020)) receive images

with parts masked out and learn to reconstruct the unmasked
images, thus learning structural and geometric relation-
ships in medical images. Other self-supervised methods use
different pre-training objectives. Rubik’s Cube+ trains a
model to recover the order and orientation of shuffled 3D
image cubes and identify masked cubes (Zhu et al., 2020).
Chaitanya et al. (2020) use global and local contrastive learn-
ing. Swin UNETR combines masked-volume inpainting,
rotation prediction, and contrastive learning (Tang et al.,
2022). Here, we adopt Models Genesis as a self-supervised
baseline because it is a well-established 3D medical self-
supervised method that has been independently validated on
multiple downstream tasks (Wald et al., 2024), making it
a strong representative of image-only self-supervised pre-
training. After pre-training, self-supervised models can be
fine-tuned for tumor segmentation using masks. However,
this approach ignores reports, which provide detailed tumor
information. In contrast, R-Super is designed to exploit this
detailed information, specifically the tumor count, sizes, and
locations.

Report-guided Pseudo-labels. The report-guided pseudo-
label method (Bosma et al., 2023) trains a segmentation
model on images with tumor masks, and uses this model
(teacher) to create pseudo-masks for images without masks.
Then, these pseudo-masks are filtered according to reports:
only the top-n most confident tumors are kept in each mask,
where » is the number of tumors in the report. The filtered
pseudo-masks (plus the original masks) are used to train a
second segmentation model (student). This filtering scheme
reduces false positives in the pseudo-masks, but does not
address false negatives, i.e., tumors that the teacher model
missed. Thus, masks with false negatives are discarded from
the student’s training set (Bosma et al., 2023). However,
removing these cases removes precisely the hard-to-detect
tumors that would be most informative to learn from. In
contrast, R-Super can learn from these hard-to-detect cases,
as we designed the Volume Loss to strongly penalize false
negatives (Sec. 3.2). Report-guided pseudo-labels also do
not use important report details, such as tumor sizes and
locations. In contrast, R-Super uses these details in its loss
functions (Sec. 3.3).

2.2. Our Previous Work

Our MICCALI conference paper (Bassi et al., 2025a) first
introduced the Report Supervision framework, proposing
the Volume Loss and the Ball Loss. This paper extends the
preliminary work substantially with the following improve-
ments:

1. New public dataset: 684 CT-Report pairs, including
445 pancreatic tumor cases.

2. New experiment with public data: we show that
adding CT-Report pairs, from the public Merlin dataset,
to the largest public pancreatic tumor segmentation
dataset (PanTS (Li et al., 2025b)) improves tumor
detection and segmentation.
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3. New large-scale experiment: we show that adding
41,418 CT-Report pairs to the largest private pan-
creatic tumor mask dataset (6,212 CT-Mask pairs,
created by 8 radiologists in 5 years) further improves
Al performance.

4. Experiments on non-contrast CT: we demonstrate
that adding non-contrast CT-Report pairs to existing
contrast-enhanced CT-Mask datasets allows R-Super
to detect pancreatic cancer in non-contrast CT.

5. Formalized methodology: we provide a more com-
plete formulation of the loss functions, with additional
equations and a clearer description of the framework.

Follow-up work has since extended R-Super to more tu-
mor types and larger report collections (Bassi et al., 2025c),
and to supervision from follow-up (future) reports (Bassi
et al., 2026a).

3. R-Super

R-Super is a training framework that enforces segmented
tumors to match the tumor descriptions in radiology reports.
It is summarized in Fig. 1. First, an LLM extracts the
descriptions of tumor diameters, locations (e.g., pancreatic
head), and counts from radiology reports (Sec. 3.1). Sec-
ond, this information is used as ground truth for two loss
functions, the Volume Loss and the Ball Loss, which train
the tumor segmentation model (of any architecture; we used
MedFormer (Gao et al., 2022)). The Volume Loss (Sec. 3.2)
penalizes differences between the tumor volume estimated
from the model’s segmentation output and the volume es-
timated from the report. The Ball Loss (Sec. 3.3) penalizes
differences in tumor location (e.g., pancreatic head, body, or
tail), count, and diameter.

The Ball Loss is stricter than the Volume Loss, because
it requires segmented tumors to match multiple tumor char-
acteristics from the reports. In contrast, the Volume Loss
is easier to optimize. Therefore, we apply the Volume Loss
as deep supervision (e.g., applying it at the second layer of
the MedFormer decoder), and we apply the Ball Loss at the
final layer of the segmentation model. This design enables
easy optimization while ensuring that the final segmentation
output matches the detailed tumor descriptions in radiology
reports. We train R-Super with CT-Mask pairs plus numer-
ous CT-Report pairs. For CT-Report pairs, we use the Ball
Loss and Volume Loss; for CT-Mask pairs, we use standard
segmentation losses, Dice and cross-entropy.

The Volume Loss and Ball Loss are guided not only
by reports but also by organ and organ sub-segment masks.
These masks localize in the image the diseased organs men-
tioned in the report, allowing our losses to teach the tumor
segmentation model to segment tumors only within these
diseased organs. We generate the organ/sub-segment masks
before training the tumor segmentation model. To this end,
we use an nnU-Net (Isensee et al., 2021) trained on Abdome-
nAtlas 3.0 (9,262 CT scans) (Bassi et al., 2025b) to segment
organs such as the pancreas and its sub-segments (pancreas

head/body/tail). The kidney also has sub-segments, includ-
ing the renal cortex, medulla, and pelvis. However, our nnU-
Net does not segment these sub-segments separately. There-
fore, for the kidneys, we use organ masks (which separate
the right and left kidneys). Organ masks can reliably guide
our tumor segmentation losses because organ segmentation
is an easier task, and public AI models segment organs with
much higher accuracy than tumors (Antonelli et al., 2021;
Liu et al., 2024; Qu et al., 2023). For example, nnU-Net
trained on AbdomenAtlas achieves 82.9% DSC for pancreas
segmentation on the Touchstone benchmark (Bassi et al.,
2024b). Still, to compensate for inaccuracies in organ/sub-
segment masks and to compensate for tumors that grow
beyond organ boundaries, we dilate the organ/sub-segment
masks (by 2 cm). Even in ablation studies with organ masks
generated by an nnU-Net trained on only 50 CT scans, R-
Super maintained high tumor detection and segmentation
performance (Tab. 5). Although organ masks improve the
R-Super performance by making the Volume Loss and Ball
Loss more precise, these losses remain effective even with-
out organ masks (Tab. 5).

3.1. LLM for Extracting Tumor Information

We use a large language model (LLM) to extract tumor
information from reports, because LLMs can understand
both context and semantics. This understanding is critical
because reports vary widely across hospitals, locations, time
periods, and radiologist/pathologist preferences. These vari-
ations affect both style and wording: some reports are highly
structured, while others are narrative, and the same finding
can be expressed with different terms (e.g., a “malignant
mass” or a “lesion consistent with the patient’s known pan-
creatic cancer”). Semantics allows the LLM to recognize
that these different expressions refer to the same underlying
finding. Context is also essential, as tumor measurements
may refer to current tumors or to tumors in prior exams.
By combining semantic and contextual understanding, and
by following clinical guidelines specified in their prompts,
LLMs can accurately extract tumor information from re-
ports.

As the LLM, we use Llama 3.1 70B AWQ (Dubey et al.,
2024). Its prompts explain how to interpret reports, and
they were developed through iterative error analysis and
refinement, in a collaboration between computer scientists
and radiologists. The prompt is available in Appendix D.
To reduce computational cost, the LLM is used only once,
before training the segmenter. Our prompts instruct the
LLM to return structured outputs, where the extracted tu-
mor information fills a template. This template is then au-
tomatically parsed into a table, which is used as ground
truth for the Volume Loss and Ball Loss. In addition to
structured outputs, the LLM returns justifications for its
answers and supporting quotes from the reports. We use
in-context learning, providing the LLM with examples of
reports and their desired outputs. By not fine-tuning the
LLM, we avoid overfitting it to the style of reports in our
datasets, enabling easy generalization across hospitals, and
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(a) Volume loss
Enforces segmented tumors to match the report in tumor organ and total tumor volume.
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(b) Ball loss

Enforces segmented tumors to match the report in tumor count, organ, type, and diameter.

organ = right kidney diameter = 11 mm
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“Hypodense cystic lesion in the minimize
right kidney, measuring 11 x 10
mm.” M
minimize
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LY
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repeated for every tumor reported in the organ, from large to small; voxels already assigned to a tumor are excluded from the balls that follow

Figure 1: R-Super trains tumor segmentation models using information from radiology reports, with Volume Loss and Ball
Loss guiding predictions to match reported tumor size, location, and number. (a) The Volume Loss (deep supervision) aligns
segmented tumors with volumes and locations from reports. It consists of three steps. (1) A large language model (LLM) extracts
tumor location (organ/sub-segment) and diameters from the report. Using ellipsoid approximations, we estimate the total tumor
volume in each organ o as V,,. (Il) From a deep layer of the segmenter, we compute tumor probabilities via a 1x1x1 convolution
and sigmoid/softmax. We sum the probabilities inside the organ (using pre-saved organ masks) to estimate the segmented tumor
volume, V,,. (IIl) The Volume Loss penalizes discrepancies between V,, and V,,. As shown in the right panel (for V,, = 1000
mm?), the loss is zero when V, _ is close to V, ,, allowing for some tolerance due to uncertainty in report-based volume estimates. (b)
The Ball Loss enforces segmented tumors to match detailed tumor information from reports—tumor count, locations, diameters,
and volumes. It consists of four steps. (1) A large language model (LLM) extracts this tumor information from the report. ()
A Ball Convolution—a simple convolution with a fixed spherical kernel matching the reported tumor diameter—slides over the
segmenter output to find the highest-probability tumor region. (I11) Within this region, the loss maximizes probabilities in the
top-N; most probable voxels, where N; is the tumor volume estimated from the report (in voxels, reduced by 20%). These
voxels can form any shape that stays within the ball. (IV) The process (II-Il) is repeated for all reported tumors, largest to
smallest. Already-assigned voxels are ignored in later iterations to prevent overlap. Finally, the loss minimizes tumor probabilities

in unassigned voxels (background). It focuses more on central tumor voxels and avoids penalizing uncertain tumor borders.

keeping computational costs low. A radiologist evaluated shows minimal degradation with LLM error rates of up to
this LLM on 447 reports (182 with tumors) and found that it 10% (Tab. 5).

achieves 96% accuracy in extracting tumor information. The

tumor detection and segmentation performance of R-Super
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3.2. Volume Loss

The Volume Loss minimizes the dissimilarity between
the volume of segmented tumors (V; ,) and the tumor volume
estimated from radiology reports (V, ,). Specifically, V, , is
the combined volume of all tumors reported in the organ
or sub-segment o (e.g., pancreatic head), and V, is the
combined volume of all tumors segmented in organ or sub-
segment 0. By minimizing the dissimilarity between V , and
V. o, the Volume Loss teaches the segmentation model to
match the volume of tumors mentioned in the report, to avoid
false positives (segmenting a tumor when the report men-
tions no tumor), and to avoid false negatives (segmenting no
tumor when the report mentions tumors). The Volume Loss
also penalizes tumors segmented outside of the organ/sub-
segment o.

Main Equation. Eq. 1 defines the Volume Loss for
an organ o (or organ sub-segment; we will say organ for
simplicity). When the report mentions tumors in organ o, the
Volume Loss has two terms: Ly, (V5. V. ,), which penal-
izes the dissimilarity between segmented and reported tumor
volumes, and Ly, ,(T°), which penalizes tumors segmented
outside organ o. When no tumors are reported in organ o, the
loss penalizes any segmented tumor, using a per-voxel cross-
entropy with target zero, CE(T?, 0). Here, T? is the segmen-
tation model’s output channel for tumors in organ o (e.g.,
the pancreatic tumor channel), made of per-voxel estimated
tumor probabilities. When applying the Volume Loss as deep
supervision, T is produced by a 1x1x1 convolution with
sigmoid activation, applied to an intermediate layer of the
segmentation model’s decoder, then up-sampled to the size
of the segmentation model’s input. The total Volume Loss is
the sum of L, , over all organs of interest O (Eq. 2). Next,
we break down the calculation of all terms in the Volume
Loss.

L V...,V . .
forgo(Vsor Vo) if tumors in o

Lvol,o = + Lbkgﬂ(TO) (1)
CE(T?, 0) otherwise
Ly = Z Lvol,o 2

0e®

Estimating tumor volumes from radiology reports
(V,.,)- Most radiology reports do not report tumor volumes,
but they often report tumor diameters. One, two, or three
perpendicular diameters are reported per tumor (d{, d,, d3).
For instance, the WHO standard (Miller et al., 1981) uses
two diameters, and RECIST (Response Evaluation Crite-
ria in Solid Tumors) uses one (Eisenhauer et al., 2009).
When the report provides a single diameter for a tumor,
we estimate its volume as a ball’s volume, dfzr/6. When
three diameters are provided, we use the ellipsoid volume,
d,d,d;7 /6. When two diameters are provided, we estimate
the third as the average of the other two, and use the ellipsoid
volume formula again, d,d,((d; + d,)/2)x /6. We calculate
the volume for each tumor reported in organ o, and sum
them, obtaining the total reported tumor volume, V, ,.

Estimating tumor volumes from segmentation (V; ,).
To estimate the total volume of all tumors segmented inside

organ o, V; ,, we could simply count the tumor voxels seg-
mented inside organ o and multiply the result by the volume
of one voxel, v. This is similar to element-wise multiplying
the tumor segmentation output (T? = [t;’(’y’z]) with the organ
segmentation mask (O = [ox’y’z]), summing over the spatial
dimensions (x, y, z), and multiplying the result by the voxel
volume v (Eq. 3). Here, O is a binary mask, equal to 1 inside
organ o and O outside. Multiplying by O ensures that V ,
counts only tumors segmented inside organ o. If T° were
binary, Eq. 3 would be exactly equivalent to counting tumor
voxels. Since T? contains tumor probabilities, Eq. 3 provides
a soft estimate of tumor volume. Importantly, this estimate is
differentiable, and a correct tumor segmentation would yield
Vi, =V,

5,0 r.o*

Vie=0 D 12,00, ©)

X,z

Tumor volume dissimilarity (Lgyrg ,(Vs 5.V} ,))- TO €n-
force the volume of segmented tumors to match the tumor
volume estimated from the radiology reports, we minimize
the dissimilarity between V{, and V,,. Specifically, we
minimize the dissimilarity function Lgy, (V. V; ) defined
in Eq. 4. In the equation, E is a small constant (set to 500
mm?) that provides numerical stability for small V., and
7 € (0, 1) is a tolerance margin (we set ¢ = 0.1). Three key
properties of L, (V. V,.,) are observable in its plot in
Fig. 1. First, Ly, o(Vy 5.V} ) has a steep but finite gradient
at vV, = 0 (if V,, # 0). Thus, the Volume Loss strongly
penalizes false negatives (missed tumors) while remaining
numerically stable. Second, the gradient is less steep when
Vio > V., because strong gradients in this region could
enforce false negatives, by pushing the segmentation model
towards V; , = 0. Third, the Volume Loss has a tolerance
margin: Lg,, ,(Vy 5. V. ,) and its gradient are zero when V ,
is very close to V, , (we use a tolerance, 7, of 10%). This
margin compensates for inaccuracies in V, ,, which arise
from human error in measuring tumor diameters in reports,
and from the approximation errors when we convert those
diameters into volumes. Therefore, the segmentation model
is not penalized if the tumors it segments have a volume that

is close but not equal to V. .

Lforg,o(I/s,o’ Vr,o) = max{ Lgorg,g(Vs,o’ Vr,o) @
_Lgorg,o((l - T)I/",O’ I/KO)’ 0}
Vo= Vel
’ _ , g
LigoVso Vo) = 40 ®)

Avoiding tumors in wrong locations (Lpkg,o(T?)). The
minimization of Ly, ,(V; .V, ,) teaches the segmentation
model to segment tumors inside the organ o where the
report mentions tumors. However, we must also penalize
tumors segmented outside organ o (e.g., pancreatic tumors
segmented outside of the pancreas). To this end, the Vol-
ume Loss includes the term Ly, ,(T°), defined in Eq. 6.
This term uses voxel-wise cross-entropy to penalize tumors
segmented outside the organ o, located by its organ seg-
mentation mask O. Specifically, we element-wise multiply
(1 = 0) © T?, capturing tumors segmented outside organ o.
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Afterwards, we penalize these tumors with a cross-entropy
against a zero target. Organ masks were dilated (by 2 cm) to
compensate for tumors that grow beyond organ borders.

Liygo(T?) = CE(1 - 0) 0 T°,0) ©6)

Reports missing tumor count or diameters. The esti-
mation of V, , requires the report to provide diameters for
every tumor in organ o. When a report mentions tumors
in o but omits the number of tumors or their diameters,
we fall back to a relaxed form of the loss: it requires the
segmentation model to segment at least one small tumor
inside organ o, but does not penalize segmenting a larger
tumor or multiple tumors. The full reformulation is given
in Appendix A.

Input cropping. Due to memory constraints, tumor seg-
mentation models are often trained on patches rather than
full 3D images. This creates a problem for the Volume Loss
(and for the Ball Loss): if organ o is only partially contained
in a training patch, we cannot know whether a tumor reported
in o is inside the patch or outside. The Volume Loss and
the Ball Loss cannot be applied in this case. To avoid this,
we use the organ masks to guide cropping, ensuring that
each training patch fully contains at least one organ o. The
cropped organ o is randomly selected, with a high probability
(80%) of cropping on organs with tumors. If the patch
partially contains a second organ with tumors, we skip the
Volume Loss and the Ball Loss for this second organ.

3.3. Ball Loss

The Ball Loss encourages the segmentation model to
segment tumors that match radiology reports in tumor count,
location (organ/organ sub-segment), and diameters. The Ball
Loss localizes, in the output of the tumor segmentation
model, the most likely location for each tumor mentioned
in the radiology report. Then, each of these located tumors
is optimized to match the corresponding tumor diameter in
the report. The Ball Loss can be defined by a sequence of
procedures, illustrated in Fig. 1 and described below.

Locate the organ o and penalize tumors segmented
outside of it. As in the Volume Loss, we first locate the organ
(or organ sub-segment) o in the output of the tumor segmen-
tation model, using the pre-saved organ segmentation mask
0. In case the report mentions no tumor in organ o, we use
cross-entropy with zero target to minimize the entire tumor
segmentation output for that organ, Ly,;, = CE(T’0).
Otherwise, we multiply the tumor segmentation output (T?,
per-voxel probabilities for tumors in organ o) by the organ
segmentation mask for organ o, O ® T°. This step removes
tumors segmented outside organ o before the next step, when
we locate the tumors reported in organ o.

Find the most likely location for a tumor i described
in the report (Ball Convolution). We begin by searching
for the largest tumor that the report describes in organ o,
tumor i = 1 with diameter d; (the largest diameter reported
for tumor i). To find the most likely location, we use a
convolution that we call Ball Convolution. It is a standard
3D convolution (stride 1, odd-sized kernel, zero padding of

(k—1)/2 voxels for a kernel of size k, so that the output keeps
the input size), but its kernel is not learnable. Its kernel k;
is a binary ball with diameter matching the tumor diameter
d; in the report (Eq. 7). The convolution operation moves
this ball over the output of the tumor segmentation model,
T (which we previously multiplied by the organ mask, O),
producing B;, as shown in Eq. 8. At each location, the ball
sums the per-voxel tumor probabilities inside it. Therefore,
when the ball is at the most likely location for a tumor of
diameter d; (the reported tumor diameter), the output of the
Ball Convolution is the highest. That is, the location of the
maximum output of the Ball Convolution, ¢; = [c,, €y c,]
(Eq. 9), is the most likely center for a ball encompassing
the tumor of the reported diameter d;. This center must be
inside the organ o, due to the multiplication of the tumor
segmentation output T° and the organ mask O in the last
step. After finding c;, we define the highest-probability ball,
H;, as a ball of diameter (1 + u)d; and center ¢; (Eq. 10).
We expand the highest-probability ball by u = 0.2 (20%) to
account for inaccuracies in the reported diameter d;. Even
if a tumor has an irregular shape, it is expected to fit inside
a ball of diameter (1 + u)d;. That is because d; is defined
as the maximum distance between two tumor points in any
axial plane, according to most radiology reporting guidelines
(e.g., WHO and RECIST). Our (1 + u)d; expansion accom-
modates diameter measurement inaccuracies and larger out-
of-plane tumor extents.

d.
: 2 2 2 <« L
K, 0, 1) = 1, ifVur+ov>+w? < 2 )

0, otherwise
B, =(00T) xk; ®)

¢; = [cy, cync,] = argmax By(x, y, z) )
(x.3.2)

Lo if [,y 2) —¢ll <

d;(1+ p)
2

H;(x,y,2) = (10)

0, otherwise

Locate the N; most likely voxels for a tumor i de-
scribed in the report. The Ball Loss does not maximize the
tumor probability at all voxels inside the highest-probability
ball H;, because we do not want to enforce the segmentation
model to segment perfectly spherical tumors. Instead, the
Ball Loss maximizes the predicted tumor probability at
the top-N; voxels inside the highest-probability ball (T?,
Eq. 11). These top-N; voxels can assume any shape that
fits inside the highest-probability ball. We obtain N; by
converting the volume of tumor i, estimated from the report
(Sec. 3.2), to a voxel count, and reducing it by a small
margin (20%). From these top-N; voxels we build a binary
mask M;, with value 1 at the top-N; voxels and O elsewhere
(Eq. 12, where topy, ;(-) denotes the voxels ranked a to b by
predicted tumor probability). We then build a second mask
M/, with value 1 at the voxels ranked N; + 1 to vN; (we set
v = 1.2) by tumor probability inside the highest-probability
ball (Eq. 13). M, thus marks the most probable tumor voxels
for tumor i, and M:' marks a tolerance margin around M;.
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This tolerance margin accounts for uncertain tumor borders

and tumor measurement error in the reports.

T°=T°OH,

1,
M;(x,y,2) = {0

I,
M(x,,z) = {0’

if (x, , 2) € topy; ;) (T7)
otherwise

otherwise

if (x,y,2) € tOP[N,+1,vN,](T?)
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Maximize and minimize tumor probabilities. In case

JHH-Test

1
pancreatic tumor stage

age

the report mentions a single tumor i in organ o, the Ball Loss
maximizes the segmentation model’s output T? at the N;
most likely tumor voxels (mask M;), leaves the surrounding
margin (mask Ml’.) unpenalized, and minimizes T® every-
where else. We achieve all three behaviors with a single
cross-entropy plus Dice loss, using M; as the target and T
as the prediction (Eq. 14, assuming M = M; and M’ = MI’.
in case of a single tumor in organ o). To avoid penalizing
the margin voxels M;, we multiply T° by (1 — M/) before
computing the loss, zeroing the gradient at those voxels
(Eq. 14). The resulting loss maximizes tumor probabilities
at the most likely tumor voxels given the report and the
segmentation model’s output, accounting for uncertainty.

L . =CE(1-M)0 T, M)+

ball,o (14)
Dice((1 - M’) © T°, M)
L{m" o if tumors in o
Ly, = - . 5)
CE(T?,0), otherwise
Lyy = 2 Ly, (16)
0e®

Reports with multiple tumors. When a report mentions
multiple tumors in organ o, we locate them sequentially
from largest to smallest, applying the procedure above for
each tumor i: the Ball Convolution, then the creation of
the masks M; and M. To avoid mask overlaps between
tumors, after locating tumor i, we zero its most probable
voxels and uncertainty border (M; U M;) in a copy of the
segmentation output, T° « T° ® (1 — (M; U M})), which
is used only to locate the remaining tumors. Thus, the next
Ball Convolution (to locate tumor i + 1) cannot place its
center inside the voxels already assigned to tumor i. Once
all reported tumors in o are located, we take the union of
their per-tumor masks (M; and M) to form the combined
masks M and M’ (Eq. 17, where K is the number of tumors
reported in organ o). Then, these combined masks (M and
M’) guide the cross-entropy and Dice losses in Eq. 14. When
tumors are reported across multiple organs, the final Ball
Loss is the sum of the per-organ losses (Eq. 16).

K° K°
M=J™m, M=JMm an
i=1 i=1

Reports missing tumor count or diameters. The pre-
sented formulation of the Ball Loss needs the report to pro-
vide diameters for all tumors in the organ o. When a report
misses tumor diameters or counts, we use a high-tolerance
variant of the Ball Loss (Appendix A). It encourages the

(1) Reports improve performance with few or many masks

[ PanTS-Train
Merlin-Train
Merlin-Test

JHH-Test
— /
12 0

N\ [0 JHH-Train
/\ \ =1 UCSF-Train

Swiss-Test

12

2 6 10 2 6 8 10
pancreatic lesion diameter (cm) pancreatic lesion diameter (cm)

f o\ ///\\
o AN N\
— 20 40 60 80 100 20 40 60 80 100
age (years) age (years)

PanTSTrain M JHHTrain UCSF-Train

M F M F

(1) Reports scale the largest public
pancreatic tumor segmentation dataset

(1) Reports scale the largest private
pancreatic tumor segmentation dataset

Figure 2: Dataset overview (Secs. 4.1 to 4.3). Summary
of all datasets, including CT-Mask and CT-Report cohorts
from multiple institutions. In (1), (II) and (II), we show the
number of tumor scans, tumor types (pancreatic and kidney),
and distributions of tumor size, tumor count per scan, and
patient demographics (age and sex) across training and test
sets (UCSF, JHH, and public datasets). Radiology reports
enable large-scale dataset construction (Li et al., 2025a), which
R-Super leverages for segmentation training.

segmentation model to segment at least one small tumor in
o. However, it does not penalize the segmentation model for
segmenting larger tumors or multiple tumors.

As final details, to further compensate for uncertainty at
tumor borders, our implementation of cross-entropy (Eq. 14)
is weighted, giving higher weights to voxels where the
segmentation model predicts higher tumor probabilities. The
Ball Convolution kernel also has a small Gaussian decay,
with values larger near the ball center, slightly smaller near
the ball boundary, and zero outside the ball. Because pre-
dicted tumor probabilities tend to peak at tumor centers,
this decay improves the alignment between the ball center
and the tumor center. The Gaussian decay and the weighted
cross-entropy are formally defined in Appendix A.

4. Results

We present experiments at three scales of training data,
using both public and private datasets. Sec. 4.1 trains on
6,718 CT-Report pairs from a private dataset, combined with
50 to 1,674 public tumor masks. Results are provided on both
pancreatic and kidney tumors. This section also includes
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Figure 3: By learning from reports, R-Super substantially
outperforms five state-of-the-art methods on both internal
(UCSF-Test) and external (JHH-Test) validation (all six
compared methods are in Tab. 1). Green arrows show the
gain of R-Super over the best competing method at each
mask budget, up to +14% in tumor detection F1-Score
and +11% in DSC; over standard segmentation (no reports)
alone, the gain reaches +16% in F1-Score (Tab. 1). Each
panel corresponds to one tumor type and one test set, and
its x-axis shows the number of training masks (50 from
AbdomenAtlas-Subset; 344 or 1.7K from AbdomenAtlas 3.0;
the axis labels 350 and 1750 are rounded). R-Super and the
other report-based methods shown (CLIP, MTL) supplement
these masks with 2.2K pancreatic and 2.7K kidney tumor
reports from UCSF-Train. Both test sets are challenging: JHH-
Test is out-of-distribution relative to training, and UCSF-Test
spans a wide range of CT resolutions and contrast phases,
including non-contrast scans. DSC is only reported for JHH-
Test because UCSF-Test does not include ground-truth tumor
masks, needed for calculating DSC.

comprehensive comparisons against six alternative meth-
ods; ablation studies follow in Sec. 4.4. Sec. 4.2 uses only
public training data, demonstrating that R-Super can scale
the largest public pancreatic tumor mask dataset (PanTS,
926 CT-Mask pairs) by adding CT-Report pairs from Merlin
(1,848 CT-Report pairs). Sec. 4.3 reaches the largest scale in
this paper, with over 47,000 training CT scans.

Training procedure. R-Super is a training method-
ology that can be applied to any segmentation architec-
ture. In our experiments, we adopted MedFormer (Gao
et al., 2022), a hybrid transformer-CNN architecture that
has topped prior benchmarks (Bassi et al., 2024b), and we
kept its default training hyper-parameters (Appendix B).
Because the competing approaches (Models Genesis, MTL,

CLIP, report-guided pseudo-labels, and standard mask-
based segmentation) are likewise training strategies rather
than architectures, we paired each of them with the same
MedFormer backbone and training hyper-parameters, so that
performance differences reflect the training strategy rather
than implementation choices. The MTL baseline addition-
ally required a classification head, which we attached to
the output of MedFormer’s encoder. The only exception
was nnU-Net (Isensee et al., 2021), which we ran with its
self-configuring ResEncL architecture and automatic hyper-
parameters.

Little training overhead and no inference overhead.
Relative to a standard segmentation model using the same
segmentation architecture (MedFormer), the R-Super train-
ing strategy increases training time by only 30% and does
not change inference time. R-Super was trained for approx-
imately 105 hours on one NVIDIA H100 GPU, with a
peak GPU memory usage of 46 GB. Memory usage can be
reduced to a minimum of 23 GB per GPU by training on
two GPUs with a batch size of one per GPU. Each report is
processed by an LLM only once, before training; the LLM
Llama 3.1 70B AWQ processes approximately 250 reports
per hour, using vVLLM on one NVIDIA RTX 6000 GPU. At
inference, R-Super processes one CT scan in approximately
1.2 minutes on one NVIDIA H100 GPU, using only 10 GB
of GPU memory. This modest memory requirement enables
deployment on less powerful, more widely available GPUs,
supporting use in resource-constrained clinical settings. Due
to its small training overhead and no test overhead, R-
Super’s training and inference times and memory usage
are determined primarily by the underlying segmentation
architecture, which can be arbitrarily chosen.

4.1. Reports Improve Performance with Few or
Many Masks

In our first experiment, we train R-Super with CT-Report
pairs plus a varying number of masks, from 50 to 1,674. We
assess its performance on internal validation (on the same
hospital that provided the CT-Report pairs) and external
validation (a completely unseen hospital). The objective
is to demonstrate that including many CT-Report pairs in
the training set is useful whether few or many masks are
available.

Datasets. (I) AbdomenAtlas 3.0 (Bassi et al., 2025b)
is a large public CT dataset with 9,262 CT-Mask pairs
collected from 88 hospitals in 19 countries, including 344
pancreatic tumor CTs and 1,674 kidney tumor CTs. (II)
AbdomenAtlas-Subset is a subset of AbdomenAtlas 3.0
with 200 CT-Mask pairs, including 50 pancreatic tumor
CTs, 50 kidney tumor CTs, and 100 normal CTs. (III)
UCSF-Train is a large dataset (private) from UCSF and
its affiliated institutions in California, USA. It has 6,718
CT-Report pairs: 2,229 pancreatic tumor CTs, 2,738 kidney
tumor CTs, and 1,751 normal CTs. UCSF-Train does not
include tumor masks. (IV) UCSF-Test is a test set drawn
from the same hospital as UCSF-Train, including 169 kidney
tumor CTs, 139 pancreatic tumor CTs, and 100 normal CTs.
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Table 1

R-Super outperforms state-of-the-art training methods on tumor detection and segmentation. On pancreatic tumors, R-Super
achieves the highest DSC, NSD, F1-Score, and AUC across all baselines. On kidney tumors, it matches mask-based segmentation
when few masks are available (50) and surpasses it when many are available (1.7K). DSC and NSD are computed on scans with
tumors and reported only in datasets where masks exist (UCSF-Test has none). Sensitivity (Se) and Specificity (Sp) correspond to
the threshold that maximizes F1-Score. Statistical tests were performed to compare F1-Score and AUC (paired permutation test
for F1-Score and DelLong's test for AUC). Orange highlights statistically significant gains over standard segmentation (p < 0.05).
Standard deviations and confidence intervals are available in Tab. 6 (Appendix C).

pancreas tumor

kidney tumor

JHH-Test UCSF-Test UCSF-Test

train paradigm mask  rep. DSC NSD F1 AUC Se Sp F1 AUC Se Sp mask rep. F1  AUC Se Sp
few training masks (50)

standard segmentation 50 0 38 41 62 63 62 62 51 63 47 77 50 0 64 68 68 63
R-Super (ours) 50 2.2K 49 52 67 75 68 64 61 70 73 59 50 27K 65 66 73 55
medium / many training masks (344 / 1.7K)

CLIP-Like 344 2.2K 55 58 83 86 90 70 59 74 59 75 17K 27K 64 71 75 48
Multi-task learning 344 2.2K 38 43 72 80 78 60 53 62 65 50 17K 27K 64 71 68 63
Report-G Pseudo-labels 344 2.2K 56 62 80 79 80 78 69 83 65 86 17K 27K 71 74 80 60
Models Genesis 344 0 53 57 7 81 78 74 59 72 66 63 17K 0 67 73 77 54
nnU-Net 344 0 53 57 78 75 76 82 69 79 74 74 17K 0 72 74 87 53
standard segmentation 344 0 51 59 82 84 78 88 67 78 62 85 1.7K 0 71 73 65 68
R-Super (ours) 344 2.2K 59 69 91 92 94 88 83 90 83 89 17K 27K 75 78 80 70

It was created by randomly splitting a dataset into training
and testing. Therefore, UCSF-Test has a data distribution
similar to that of UCSF-Train. UCSF-Test does not include
tumor masks. Tumor labels and sizes for UCSF-Test come
from its radiology reports. (V) JHH-Test (Xia et al., 2022;
Park et al., 2020) is an external test set from an unseen
hospital, the Johns Hopkins Hospital (Maryland, USA), with
50 pancreatic tumor CTs and 50 normal CTs. No data from
this hospital was seen by any of the Al models in training,
making this dataset out-of-distribution. JHH-Test includes
radiologist-drawn tumor masks. More details on the datasets
are available in Fig. 2.

Training and Evaluation. We trained two configura-
tions of R-Super. The first trained on UCSF-Train (many
CT-Report pairs) plus AbdomenAtlas-Subset (few CT-Mask
pairs). The second version trained on UCSF-Train plus Ab-
domenAtlas 3.0 (more CT-Mask pairs). We trained first on
the CT-Mask pairs, followed by fine-tuning on CT-Mask
plus CT-Report pairs. Evaluation was performed on UCSF-
Test (internal) and JHH-Test (external).

R-Super improves tumor segmentation with few or
many training masks. Fig. 3 compares R-Super against
standard segmentation (trained without reports); detailed
results are provided in Tab. 1, and examples of outputs in
Fig. 4. Adding 2.2K pancreatic and 2.7K kidney tumor CT-
Report pairs to training yielded consistent gains in F1-Score
across every mask regime: up to +10% with few masks
(50, AbdomenAtlas-Subset), up to +16% with a moderate
number of masks (344, AbdomenAtlas 3.0), and +4% with
many masks (1.7K, AbdomenAtlas 3.0). Similar gains are
observed in DSC: +11% with 50 masks, and +8% with 344
masks. We only report DSC for pancreatic tumors, because
only JHH-Test includes masks. In summary, by leveraging
reports, R-Super can improve both tumor detection and seg-
mentation whether few or many training masks are available.

R-Super generalizes to unseen hospitals. Fig. 3 shows
that R-Super substantially outperforms standard segmenta-
tion on UCSF-Test (drawn from the same hospital as UCSF-
Train) and on JHH-Test, a hospital never seen during training
(out-of-distribution). Performance on JHH-Test was actually
higher than on UCSF-Test, likely reflecting data differences:
JHH-Test has high resolution (0.5 mm) and arterial-phase
contrast, whereas UCSF-Test mixes a range of slice thick-
nesses and includes both contrast and non-contrast scans. On
both test sets, R-Super surpasses six state-of-the-art meth-
ods, three of which also use reports during training (CLIP-
Like, MTL, report-guided pseudo-labels). The advantage is
consistent across F1-Score, AUC, DSC, and NSD (Tab. 1).

R-Super improves small tumor detection and seg-
mentation. With 344 or 1.7K training masks, R-Super im-
proved tumor detection and segmentation across the full
size spectrum, including the small tumors (diameter < 2
cm) that matter most for early cancer detection (Li et al.,
2026b). Detailed results are presented in Tab. 2. On small
pancreatic tumors in the external JHH-Test, R-Super reached
an F1-Score of 80 and AUC of 89, exceeding standard
segmentation by +15 F1 and +6 AUC.

4.2. Reports Scale the Largest Public Pancreatic
Tumor Segmentation Dataset

In this experiment, we demonstrate that reports can
scale the largest public pancreatic tumor dataset, PanTS
(Li et al., 2025b). Reports were sourced from the public
Merlin dataset (Blankemeier et al., 2026). Therefore, this
experiment trains on only public data, ensuring reproducibil-
ity. Here, we compare R-Super against standard mask-only
segmentation, nnU-Net, and multi-task learning.

Datasets. (I) PanTS (Li et al., 2025b) is the largest pub-
lic CT-Mask dataset for pancreatic tumors, with 9,901 CT-
Mask pairs from 143 medical institutions in 17 countries,
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Table 2

R-Super outperforms state-of-the-art methods on both small (diameter < 2 cm) and large tumors. For pancreatic tumors (344
training masks), R-Super achieves the highest DSC, NSD, and F1-Score across all baselines in both small (< 2 cm) and large (>
2 cm) tumors, and the highest AUC except for small tumors in JHH-Test (CLIP-Like 90 vs. 89). For kidney tumors (1.7K training
masks), R-Super leads in F1-Score and AUC on small tumors and in F1-Score on large tumors. DSC and NSD are computed on
scans with tumors and reported only where masks exist (UCSF-Test has none). Sensitivity (Se) and Specificity (Sp) correspond to
the threshold that maximizes F1-Score. Statistical tests were performed to compare F1-Score and AUC (paired permutation test
for F1-Score and DelLong's test for AUC). Orange highlights statistically significant gains over standard segmentation (p < 0.05).
Test set sizes: JHH-Test contains 15 small and 35 large pancreatic tumors; UCSF-Test contains 90 small and 28 large pancreatic
tumors (21 CTs with tumors of unknown size were excluded from this table) and 77 small and 65 large kidney tumors (27 excluded).
Tumor sizes were extracted from reports in UCSF-Test and from masks in JHH-Test. Standard deviations and confidence intervals
are available in Tab. 7 (Appendix C).

pancreas tumor kidney tumor
JHH-Test UCSF-Test UCSF-Test
train paradigm mask rep. DSC NSD F1 AUC Se Sp F1 AUC Se Sp mask rep. F1 AUC Se Sp

small tumors (diameter < 2 cm)

few training masks (50)

standard segmentation 50 0 7 17 38 61 53 62 41 59 40 77 50 0 43 59 53 63
R-Super (ours) 50 2.2K 15 25 35 68 47 64 54 72 76 59 50 27K 47 61 65 55
medium / many training masks (344 / 1.7K)

CLIP-Like 344 2.2K 11 19 68 90 100 71 50 74 54 75 17K 27K 40 65 57 48
Multi-task learning 344 2.2K 15 26 54 83 87 60 42 61 60 50 1.7K 27K 46 65 57 63
Report-G Pseudo-labels 344 2.2K 19 32 61 77 73 80 63 82 62 86 1.7K 27K 50 71 66 60
Models Genesis 344 0 10 20 62 85 80 76 48 70 60 63 1.7K 0 43 65 60 54
nnU-Net 344 0 7 17 55 74 60 82 60 78 70 74 17K 0 53 71 79 53
standard segmentation 344 0 17 36 65 83 67 83 59 7 58 85 L.7K 0 39 69 44 68
R-Super (ours) 344 2.2K 25 48 80 89 93 88 75 90 77 89 17K 27K 56 78 69 69

large tumors (diameter > 2 cm)

few training masks (50)

standard segmentation 50 0 3 5 59 63 65 62 35 78 61 77 50 0 56 75 82 63
R-Super (ours) 50 2.2K 8 13 67 78 76 64 31 75 79 59 50 27K 54 72 86 55
medium / many training masks (344 / 1.7K)

CLIP-Like 344 2.2K 13 19 75 84 85 71 43 84 82 75 17K 27K 54 7 95 48
Multi-task learning 344 2.2K 18 28 63 78 74 60 28 70 82 50 17K 27K 54 7 78 63
Report-G Pseudo-labels 344 2.2K 19 31 78 79 82 80 55 90 82 86 17K 27K 62 75 97 60
Models Genesis 344 0 13 21 72 79 76 76 36 83 86 63 1.7K 0 58 80 97 54
nnU-Net 344 0 11 19 79 75 82 82 46 89 93 74 17K 0 57 76 97 53
standard segmentation 344 0 18 33 82 84 82 88 56 88 86 85 1.7K 0 63 75 91 68
R-Super (ours) 344 2.2K 33 51 89 93 94 83 68 94 9% 89 17K 27K 67 75 97 69

including 1,077 with pancreatic tumors, of which 926 are ~ 4.3. Reports Scale the Largest Private Pancreatic
used for training here. Tumor Segmentation Dataset

Training and Evaluation. We trained R-Super first on In this experiment, we explore the largest scale in this
the CT-Mask pairs from PanTS, followed by fine-tuning  paper, both in terms of masks and reports: 6,212 CT-Mask
on CT-Mask (PanTS) plus CT-Report pairs (Merlin-Train).  pairs and 41,418 CT-Report pairs. To reach this scale, we

Evaluation was performed on Merlin-Test (internal), JHH-  use private training data. However, we make our external
Large (external), and JHH-Small (external). JHH-Small is  test set public, contributing a new CT-Report dataset (Swiss-
highly challenging, as small tumors are difficult to detect. Test). Again, we compare R-Super against standard mask-
R-Super scales the largest public pancreatic tumor  only segmentation, nnU-Net, and multi-task learning.
segmentation dataset. Results for the 3 test sets are shown Datasets. JHH (Xia et al., 2022) is, to the best of

in Tab. 3. By leveraging reports, R-Super achieved +11% our knowledge, the largest private CT-Mask dataset for
higher F1-Score and +9% higher AUC over training on pancreatic tumor segmentation. It includes 6,212 CT-Mask
masks only (standard segmentation), testing on Merlin-Test  pairs; 3,488 have pancreatic tumors, and 1,093 of those are
(internal). Even on external testing on small tumors (JHH- small (< 2 c¢cm). UCSF-Huge includes 41,418 CT-Report
Small), R-Super surpassed standard segmentation by +4%  pairs; 28,295 have pancreatic tumors, and 11,413 of those
F1-Score, +3% AUC, and +3% DSC. Asin Sec.4.1,R-Super ~ are small. Swiss-Test is a new dataset, sourced from the
also surpassed the alternative training methods (Tab. 3). The ~ University Hospital Basel (Basel, Switzerland). This dataset

results in this section demonstrate that even the largest col-  includes 684 CT-Report pairs, of which 445 include pan-
lections of CT-Mask pairs can be effectively scaled with CT-  creatic tumors. Here, we leverage it as an external test set.
Report pairs, improving inter-hospital generalization and ~ We publicly release this dataset. UCSF-Test-Non-Contrast
improving the detection and segmentation of small tumors. includes 207 non-contrast CT-Report pairs, including 48
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Table 3

R-Super sets a new state-of-the-art on the largest public pancreatic tumor dataset. Combining CT-Mask pairs from PanTS (the
largest public pancreatic tumor CT-Mask dataset) with CT-Report pairs from Merlin (the largest public abdominal CT-Report
dataset), R-Super outperforms a segmentation model trained on CT-Mask pairs alone (PanTS) by +7% sensitivity on small
pancreatic tumors. R-Super also surpasses all alternative models on DSC and NSD, and on F1-Score and AUC in JHH-Small
and Merlin-Test (in JHH-Large, all methods saturate at F1-Score 97-99 and AUC 99-100). All models were trained on the same
926 pancreatic tumor CT-Mask pairs from PanTS. Multi-task learning and R-Super additionally trained on Merlin-Train (1,848
pancreatic tumor and 1,848 no-tumor CT-Report pairs from Merlin). DSC and NSD are computed on scans with tumors and
reported only where masks exist (Merlin-Test has none). Sensitivity (Se), Specificity (Sp), and F1-Score correspond to the threshold
that maximizes F1-Score for each model. Statistical tests were performed to compare R-Super and standard segmentation for
F1-Score and AUC (paired permutation test for F1-Score and Delong's test for AUC); orange highlights statistically significant
gains (p < 0.05). Standard deviations and confidence intervals are available in Tab. 8 (Appendix C).

training JHH-Small JHH-Large Merlin-Test
train paradigm mask rep. DSC NSD F1 AUC Se Sp DSC NSD F1 AUC Se Sp F1 AUC Se Sp
nnU-Net 926 0 33 58 83 91 80 87 49 72 88 93 84 92 69 76 68 73
Multi-task learning 926 1,848 33 57 92 95 92 92 50 73 97 99 98 96 69 75 63 82
standard segmentation 926 0 31 55 91 94 86 98 50 73 99 100 98 100 67 74 60 82
R-Super (ours) 926 1,848 34 59 95 97 93 98 52 74 98 100 100 96 78 83 7779

Radiology Report

“..Pancreas: 1.8x 1.5
cm hypoattenuating
lesion in the
pancreatic body...”

Radiology Report

“..Focal
hypoattenuating
lesion in the
pancreatic body
measuring 1.7x 1.3
cm...”

Radiology Report

“.1.2-cm
peripherally
enhancing lesion in
the anterior aspect of
the mid right
kidney...”

Figure 4: Tumors segmented by R-Super. The examples show
two cases of small pancreatic adenocarcinoma and one case
of small renal carcinoma (bottom) correctly segmented by R-
Super. Radiology reports are shown, but they are used only in
training, not at inference.

pancreatic tumor CT-Report pairs, 15 with only small tumors
(£ 2 cm). More details on the datasets are available in Fig. 2.

R-Super scales the largest private pancreatic tumor
segmentation dataset. Tab. 4 shows the performance of R-
Super on the Swiss-Test external dataset. R-Super surpassed
standard mask-based segmentation, achieving +8% higher
pancreatic tumor detection sensitivity at matched specificity
(AUC 85 vs. 82). This result demonstrates that reports can
improve tumor detection even when a large CT-Mask dataset
exists. Notably, the CT-Report pairs in UCSF-Huge include
all pancreatic tumor cases registered in the UCSF Hospital
and affiliated Californian institutions in the last 28 years.
Downloading and preparing all these CT-Report pairs took

Table 4

R-Super surpasses mask-based training when large amounts
of both reports and masks are available. On Swiss-Test, an ex-
ternal dataset which we publicly release, R-Super outperforms
standard mask-based segmentation by +8% sensitivity at the
same specificity, for pancreatic tumor detection. On UCSF-
Test-Non-Contrast, an internal test set of non-contrast CT
scans, R-Super outperforms the standard segmentation model
by +19% sensitivity at the same specificity. DSC and NSD
are absent because there are no ground-truth tumor masks for
testing. All models were trained on the same 3,488 pancreatic
tumor CT-Mask pairs from JHH (contrast-enhanced); multi-
task learning and R-Super additionally trained on 28,295 tumor
CT-Report pairs from UCSF-Huge (41,418 CT-Report pairs,
4,809 non-contrast). Sensitivity (Se), Specificity (Sp), and F1-
Score correspond to the threshold that maximizes F1-Score for
each model. Statistical tests compare R-Super and standard
segmentation (paired permutation test for F1-Score, DelLong's
test for AUC); orange highlights statistically significant gains
(p < 0.05). Standard deviations and confidence intervals are
available in Tab. 9 (Appendix C).

training pancreas tumor
train paradigm mask rep. F1 AUC Se Sp
Swiss-Test
nnU-Net 3,488 0 78 74 74 71
Multi-task learning 3,488 28,295 74 76 64 85
standard segmentation 3,488 0 80 82 72 86
R-Super (ours) 3,488 28,295 85 85 80 86
UCSF-Test-Non-Contrast
nnU-Net 3,488 0 52 68 67 73
Multi-task learning 3,488 28,295 19 54 10 99
standard segmentation 3,488 0 62 74 50 96
R-Super (ours) 3,488 28,295 75 92 69 96

around one month, at no monetary cost. In contrast, creating
the 3,488 pancreatic tumor masks in JHH took 5 years,
with the support of 8 radiologists, and millions of dollars
in funding. This demonstrates that reports are an accessible
path to scale tumor segmentation datasets and improve Al
performance.
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Table 5

Ablation studies of R-Super. Loss functions: combining the Volume Loss and Ball Loss achieved the best performance on
UCSF-Test; on the smaller JHH-Test, the Volume Loss alone scored higher F1-Score and AUC. Training with the Volume Loss
alone surpassed training with the Ball Loss alone, because the Volume Loss is easier to optimize. LLM errors (or report errors):
R-Super remained highly accurate when errors were injected into up to 10% of the tumor reports in the training dataset. These
errors can simulate either errors in the report or errors in the LLM analysis of the report. LLM size: training with small LLMs
(Qwen 3 4B or 0.6B instead of Llama 3.1 70B) substantially reduced R-Super performance. Organ mask quality: organ masks
generated by an nnU-Net trained on only 50 CT scans were sufficient to accurately train R-Super. Even when organ masks
were fully removed, R-Super still outperformed the standard segmentation model (Tab. 1). Report information removed: tumor
diameters are important for R-Super, particularly for DSC. Standard deviations and confidence intervals are available in Tab. 10
(Appendix C). Results are reported at the operating point of maximum F1-Score for all models.

pancreas tumor kidney tumor
JHH-Test UCSF-Test UCSF-Test

train paradigm mask  rep. DSC NSD F1 AUC Se Sp F1 AUC Se Sp mask rep. F1  AUC Se Sp
R-Super (ours) 344 2.2K 59 69 91 92 94 88 83 90 83 89 17K 27K 75 78 80 70
loss functions

Volume Loss only 344 22K 59 61 94 97 90 98 76 89 80 82 17K 27K 75 74 86 63
Ball Loss only 344 2.2K 59 59 83 92 78 90 71 82 64 90 17K 27K 74 75 87 58
LLM size

small LLM (4B) 344 2.2K 63 74 82 84 7% 92 70 80 74 79 17K 27K 72 76 89 47
tiny LLM (0.6B) 344 2.2K 41 50 74 80 71 80 63 73 54 90 17K 27K 73 76 86 55

report information removed
no pancreas sub-segment 344 2.2K 58 69 85 90 80 92 71 81 73 81 17K 27K 72 75 86 54
no tumor size 344 22K 50 59 85 87 76 98 67 76 64 84 17K 27K 73 76 88 55

organ mask importance
50 CT organ segmenter 344 22K 62 74 95 97 96 94 76 85 86 77 17K 27K 72 76 84 58

no organ mask 344 22K 60 69 8 93 80 98 69 8 68 8 17K 27K 73 76 85 58
injected LLM errors (or report errors)

+5% errors 344 22K 62 74 93 94 90 96 72 8 73 8 17K 27K 74 77 91 51
+10% errors 344 22K 59 71 90 95 88 92 78 87 78 87 17K 27K 73 77 82 63
+20% errors 344 22K 61 73 89 90 8 94 71 8 76 79 17K 27K 72 76 86 53
100% errors 344 22K 53 6L 70 74 59 90 56 68 72 51 17K 27K 66 70 77 50
R-Super detects pancreatic tumors on non-contrast Tab. 5 shows ablation studies performed with R-Super.

CT scans. R-Super surpassed the standard segmentation = Their aim was to understand the importance of each R-
model by +19% in sensitivity at matched specificity (AUC Super loss function, the resistance of R-Super to LLM errors
92 vs. 74) for detecting pancreatic tumors on non-contrast or report errors in training, the importance of the LLM
CT scans (Tab. 4). Seeing pancreatic tumors in CT scans size, the importance of organ masks, the importance of the
taken without intravenous contrast is considered extremely  tumor information extracted from reports (diameters and
challenging for radiologists (Cao et al., 2023). Consequently, sub-segments), and whether training R-Super to segment a
drawing pancreatic tumor masks on non-contrast CT scans single tumor type surpasses training a generalist R-Super to
is also extremely difficult, making standard mask-supervised segment multiple tumor types (reported in the text only).
segmentation challenging. Previous closed-source work ad- Ablation studies were conducted with the same training and
dressed this challenge by asking radiologists to draw a  testing configuration presented in Sec. 4.1, with Abdome-
large number of masks on contrast-enhanced CT scans and  nAtlas 3.0 and UCSF-Train training sets, and UCSF-Test and
registering these masks to paired non-contrast CT scans  JHH-Test test sets.

from the same patients (Cao et al., 2023). In contrast, we Training with the Volume Loss alone outperforms
did not require drawing any masks for the patients with training with the Ball Loss alone, and training with both
non-contrast CT. To train R-Super, we only needed to sup- losses together provides the best performance on UCSF-

plement an existing dataset of contrast-enhanced CT-Mask  Test. The Ball Loss is more precise than the Volume Loss,
pairs (JHH) with a large-scale CT-Report dataset (UCSF- by optimizing segmented tumors to match more details from
Huge), which includes 4,809 non-contrast CT-Report pairs, the radiology report. However, the Ball Loss is harder to
3,106 with pancreatic tumors. Report supervision therefore optimize when used alone. This explains why training with
allowed us to extend pancreatic tumor segmentation models the Volume Loss alone surpassed training with the Ball
and datasets from contrast-enhanced to non-contrast CT Loss alone (Tab. 5). The Ball Loss identifies the most likely
scans without additional masks. Performance may improve  tumor locations based on both the radiology report and the

further with more non-contrast CT-Report pairs for training. segmentation model’s current output. It then encourages
the model’s output to better match these tumor locations.
4.4. Ablation Studies Early in training, the model’s outputs are inaccurate, making

the estimated tumor locations noisy and slowing training
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convergence. Importantly, this noise does not systematically
direct the model toward incorrect segmentations. The Ball
Loss may temporarily reinforce a false positive in an indi-
vidual CT scan, but the same false positive is not reinforced
consistently across patients. For example, similar false pos-
itives are penalized when appearing in no-tumor scans. In
contrast, learning to segment real tumors (true positives)
allows the segmentation model to consistently match the
tumor locations, counts, and sizes described in the reports,
consistently minimizing the Ball Loss. Thus, on the larger
UCSF-Test, training with the Ball Loss and the Volume Loss
together surpasses training with the Volume Loss alone; on
the 100-scan JHH-Test, the two are within the confidence
intervals of Tab. 10. The less noisy Volume Loss stabilizes
early training, while the Ball Loss refines the segmentation
model’s outputs and becomes increasingly precise as the
model’s predictions improve.

On the relative contribution of the Ball Loss. We also
analyze where training with the Ball Loss plus the Volume
Loss (standard R-Super) has the greatest advantage over
training with the Volume Loss only. To this end, we com-
pare R-Super to the Volume-Loss-only ablation on several
subsets of UCSF-Test: small tumors, multiple tumors, and
complex tumors. Since UCSF-Test is larger than JHH-Test,
it affords more statistical power for subset analyses. Adding
the Ball Loss to the Volume Loss significantly improves
overall detection for both organs: pancreatic tumors gain +3
AUC points (95% CI [+1, +6], n=139) and kidney tumors
+2 ([+1,+4], n=169). Two subsets gain well above this
average. Multifocal disease: scans with > 2 kidney tumors
gain +3 AUC points ([+1, +4], n=85), above the +2 kidney
average. For pancreas, multifocal lesions are rare (n=18),
making this subset analysis not significant. Anatomically
complex pancreatic tumors: tumors in the pancreatic tail
and iso-attenuating tumors are rarer and harder to detect,
and gain +6 AUC points ([+1, +12], n=27), double the +3
pancreatic average. Small tumors: tumors < 2cm gain in
line with the overall average, +3 AUC points for pancreas
([-1,+6], n=90) and +2 for kidney ([—1,+5], n=77). In
short, the Ball Loss is not redundant with the Volume Loss;
its improvements are largest precisely on the multifocal and
complex tumors that are hard to detect.

R-Super tolerates LLM or report errors. R-Super uses
a large LLM (Llama 3.1 70B AWQ) to extract tumor infor-
mation from reports accurately. A radiologist evaluated this
LLM on 447 reports, and the LLM reached 96% accuracy.
To quantify how resistant R-Super is to LLM errors or report
errors, we performed ablation studies injecting increasing
numbers of synthetic errors into the information that the
LLM extracted from reports. Tab. 5 shows that adding
synthetic errors to 5% or 10% of the tumor CT-Report pairs
in the training dataset did not substantially change the R-
Super performance. For example, it reduced tumor detection
AUC by at most 5%. With synthetic errors in 20% of the
tumor CT-Report pairs, AUC dropped by at most 8§%. Still,
the performance of R-Super remained above the standard
segmentation model (Tab. 1). With synthetic errors in 100%

of the pairs, R-Super performance dropped markedly (by
up to 22% AUC), falling below the standard segmentation
model (trained on masks only) in tumor detection. This
is expected, as a 100% error rate turns report supervision
essentially into training noise. The synthetic errors simu-
lated, in equal proportions, four types of mistakes that LLMs
could make when extracting tumor information from re-
ports: tumor location errors were simulated by switching the
pancreatic sub-segment for pancreatic tumors and switching
the kidney laterality for kidney tumors; tumor size errors
were simulated by replacing a tumor’s size with the size of
another tumor in the dataset; false positives were simulated
by copying extracted tumor information from one report
and adding it as an extra tumor to another report; and false
negatives were simulated by deleting the information of an
LLM-extracted tumor.

Large LLMs outperform small LL.Ms. Besides inject-
ing synthetic errors, we also trained R-Super with smaller
LLMs, which should produce more real-world LLM errors.
R-Super originally used a large LLM (Llama 3.1 70B AWQ).
In our ablations, we replaced it with Qwen 3 4B FPS8 or
Qwen 3 0.6B FP8 (Yang et al., 2025). Training with these
smaller LLMs substantially reduced R-Super performance.
When trained with Qwen 3 4B, R-Super performed similarly
on UCSF-Test to training with Llama 3.1 70B plus 20%
synthetic errors, but 67 points lower in F1-Score and AUC
on JHH-Test. In most metrics, it slightly outperformed the
standard segmentation model. With Qwen 3 0.6B, R-Super
was often outperformed by the standard segmentation model
(Tab. 5). These results suggest that current small LLMs may
make too many errors in extracting tumor information from
reports, making report supervision unreliable. We therefore
strongly recommend large LLMs. Notably, the LLM only
needs to run once per report, not representing an excessive
computational cost (Llama 3.1 70B AWQ can analyze 5,000
reports in less than 1 day with a single NVIDIA RTX 6000
GPU).

R-Super can work without organ masks. The R-Super
loss functions are guided by organ masks. We dilate these
masks to compensate for organ segmentation errors and
for tumors growing beyond organ borders. Originally, the
organ masks were generated by an nnU-Net trained on the
full AbdomenAtlas 3.0 dataset of 9,262 CT scans. In our
ablation, we replaced this nnU-Net with an nnU-Net trained
on only 50 CT scans, randomly selected from AbdomenAtlas
3.0. This replacement did not substantially reduce R-Super’s
performance. For example, tumor detection AUC decreased
by at most 5% (Tab. 5). To evaluate the quality of these nnU-
Nets in organ segmentation, we tested them on the JHH-
Test dataset, which includes manually annotated pancreas
and kidney masks (but not pancreas sub-segment masks).
The nnU-Net trained on the full AbdomenAtlas 3.0 achieved
a mean DSC of 81.8% (SD: 12.6%) for the pancreas and
98.0% (SD: 1.0%) for the kidneys. In comparison, the nnU-
Net trained on only 50 CT scans achieved a mean DSC of
81.6% (SD: 10.9%) for the pancreas and 97.4% (SD: 2.5%)
for the kidneys. In a more radical ablation, we fully removed
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the organ mask guidance from the R-Super loss functions.
Without organ masks, the Volume Loss estimated the seg-
mented tumor volume from the entire segmentation model
output, and the Ball Loss searched the entire segmentation
model output for the most likely tumor locations. Without
organ masks, tumor detection AUC decreased by at most
9% (Tab. 5), but R-Super still consistently outperformed
the standard segmentation model (Tab. 1). In conclusion,
organ masks make the R-Super loss functions more precise
and improve performance. However, these organ masks can
be created by organ segmentation models trained on few
images, and even without organ masks, the R-Super loss
functions can still improve performance.

Tumor diameters are a strong training signal. To
assess the contribution of different information in radiol-
ogy reports to the R-Super performance, we independently
removed tumor diameters or tumor sub-segments from all
training reports. Removing tumor sub-segments decreased
tumor detection AUC by up to 9% and DSC by 1%. In
contrast, removing tumor diameters decreased AUC by up
to 14% and DSC by 9% (Tab. 5). Thus, tumor diameters
and sub-segments are useful, but tumor diameters provide
stronger supervision to segmentation.

Training R-Super to segment a single tumor type
performs slightly better than training it to segment two
tumor types. Training one R-Super model for pancreatic
tumors only (rather than a single model for both pancre-
atic and kidney tumors) changed pancreatic tumor perfor-
mance to DSC/NSD/Se/Sp/F1/AUC of 62/64/88/96/92/98
on JHH-Test (from 59/69/94/88/91/92 for the two-tumor
model, Tab. 5) and Se/Sp/F1/AUC of 86/86/83/91 on UCSF-
Test (from 83/89/83/90), but it requires training one model
per tumor type, which scales poorly as more tumor types are
added.

5. Conclusion

R-Super transforms radiology reports into supervision
for tumor segmentation, allowing Al performance to scale
with the vast number of CT-Report pairs already stored
in hospitals and increasingly available in public datasets
(Hamamci et al., 2024; Bassi et al., 2025b; Blankemeier
et al., 2026; Bassi et al., 2026b; Li et al., 2026a,c). This
work demonstrates that reports substantially improve tumor
detection and segmentation across multiple data scales, from
adding over 6,000 CT-Report pairs to a small set of 200 CT-
Mask pairs (100 with tumors), up to adding over 40,000 CT-
Report pairs (decades of pancreatic cancer cases) to over
6,000 CT-Mask pairs (a dataset that took 8 radiologists 5
years to create).

For reproducibility, we include not only experiments
with private data, but also with public data. Furthermore,
we release a new public CT-Report test set (Swiss-Test).
Experiments at all data scales include validation on hospitals
never seen during training, assessing generalization to out-
of-distribution data. Notably, reports enable easier merging
of data across hospitals, without the need to create masks for

each hospital. This improves training data diversity, improv-
ing generalization, as shown by consistent gains on multiple
external test sets (JHH-Test, JHH-Small, JHH-Large, and
Swiss-Test).

R-Super also surpassed alternative methods of learning
from reports. For instance, R-Super outperformed CLIP-
style pretraining and multi-task learning, trained on the same
datasets. This is possible because R-Super uses reports to
supervise tumor segmentation directly, rather than using
reports to supervise an auxiliary task. To minimize the R-
Super losses, the segmentation model learns to segment
tumors that match tumor descriptions in reports.

The scales reached here are already substantial. For
instance, our largest training set (Sec. 4.3) contains about
30 times more pancreatic tumor cases than the largest pub-
lic pancreatic tumor segmentation dataset. Yet new public
datasets and multi-institution collaborations can extend this
scale much further. In other fields, such as natural language
processing and computer vision, major performance gains
came from learning at scale from readily available text.
This study suggests that the same path is possible for tumor
detection and segmentation.
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A. Details on the Loss Functions

A.1. Weighted Cross-Entropy and Gaussian Ball
Kernel
Weighted cross-entropy. We replace the cross-entropy
in Eq. 14 with a rank-weighted variant that down-weights
voxels the model is less confident about. Tumor borders
typically receive intermediate predicted probabilities, so this
rank-weighting reduces the gradient contribution of border
voxels and concentrates supervision on confidently predicted
tumor voxels.

The variant operates on the binary mask M marking the
most probable tumor voxels in organ o (the union of the per-
tumor masks M;, Eq. 17) and on the tumor segmentation
output T?. At each optimization step, we sort the voxels
in M by predicted tumor probability in descending order,
assigning each voxel a rank r(x,y,z) € {O,...,n — 1},
where r = 0 is the highest-probability voxel and # is the
total number of voxels in M. The weight w then decays
geometrically with rank:

CE((1 -M)OT’, M) =
_IIHI Y w2 [Mlog((1 - MOT°)
(x,,2)EQ

+(1 =M log(1— (1 - M’)T”)]

18)

— o) xy2)/n
PO MG o= 1
we.y.2 = = o (19)

1, otherwise

The rank-weighting applies only to voxels in M; all other
voxels keep weight 1, so the loss outside M is unchanged
from standard cross-entropy. The multiplication of T by
(1 — M) zeros the gradient at the margin voxels, as in
Eq. 14. Q is the set of all voxels in T?. The hyper-parameter
¢ € (0, 1) controls how sharply the weight concentrates on
the top-ranked voxels: we set ¢ = 0.5, so the weight decays
smoothly across the ranking and the least confident voxel in
M receives half the weight of the most confident one (the
most confident half of the voxels then carries about 59% of
the total tumor-voxel weight). The normalization in Eq. 19
ensures Z(x’y’z)eM w(x,y,z) = n, matching the scale of
the unweighted cross-entropy; setting ¢ — 0 recovers the
standard cross-entropy. This weighting scheme is based on
Global Weighted Rank Pooling (Kolesnikov and Lampert,
2016), adding a hard cutoff at n.

Gaussian-decay ball kernel. In the Ball Loss, Ball Con-
volutions locate each tumor i (Eq. 9). The kernel of the Ball
Convolution is a ball with the same diameter as tumor i, ac-
cording to the report (Eq. 7). The Ball Convolution is applied
at the output of the segmentation model (per-voxel tumor
probabilities), excluding tumor probabilities outside organ
o (T° © O, where O is the organ segmentation mask). At
each position of this kernel, it sums all the per-voxel tumor
probabilities inside the ball. With a uniform binary kernel,
every voxel inside the ball contributes equally to this sum,
so the convolution maximum is insensitive to where, within
the ball, predicted tumor probability is highest. We want the

argmax to favor positions where probability is concentrated
near the ball center, since predicted tumor probabilities tend
to peak at tumor centers.

We achieve this by replacing the binary kernel k; with a
Gaussian-tapered version that is largest at the kernel center,
smaller near the ball boundary, and zero outside the ball:

_u2+172+wz
K;(u, 0, w) = ZL ﬂ[\/uz +o+w? < "7] e 2 (20)
i
d;
where 6, = a —, a=3 21
! 2

Here (u, v, w) are the kernel coordinates measured from
the kernel center, and d; is the diameter reported for tumor i.
The indicator 1[-] preserves the hard cutoff at the ball bound-
ary from Eq. 7, so k; is zero outside the ball. The Gaussian
standard deviation o; is scaled to the ball radius d;/2 via
a, so the decay shape is identical across reported diameters.
The normalization Z; is chosen so ¥}, , , k(u,0,w) = 1,
keeping Ball Convolution outputs comparable across kernel
sizes; because Z; is constant for a given tumor, it does not
change the location of the maximum in Eq. 9.

We set @ = 3, which gives a boundary-to-center kernel
ratio of exp(—1/18) = 0.95. The decay is therefore very
mild: enough to break argmax ties in favor of positions where
predicted probability is concentrated near the kernel center,
but small enough that the output of the Ball Convolution is
close to a (scaled) sum of the tumor probabilities inside each
ball position.

A.2. Volume Loss for Reports without Tumor Size
or Count

The standard Volume Loss penalizes the segmented
tumor volume V, , for deviating from the reported volume
V,.,» which is computed from per-tumor diameters. When
a report states that an organ contains tumors but does not
provide diameters or counts, V,, cannot be computed, so
the standard Volume Loss cannot be applied. In this case,
we replace the precise V, , target with a tolerated range
[Vinin> Vimax]- Any segmented volume inside this range incurs
zero loss and zero gradient, while volumes outside the range
are penalized as before.

We calibrate V,,;, and V,,,, from the diameter distribu-
tion in our reports: fewer than 5.5% of images have all tumors
below 5 mm and fewer than 1.66% have tumors above 120
mm. We therefore set V,,;, = 65 mm? and V,,,, = 904,779
mm?3, the volumes of spheres at these two diameters. The
high-tolerance loss (Eq. 22) implements the tolerated range

by replacing V, , in the standard Ly, , (Eq. 4) with a target
17,’0 that equals V| , whenever V , lies in [V,,;,, V}0, ). With
Vie = Vo
range, V, , pulls the segmented tumors’ volume back toward
the range.

the loss and its gradient vanish; outside the

LvoLo = Lfnrg,a<Vs,o’ Vr,o) + Lbkg,o(Ta) (22)
~ Vmin if V.ﬁ,o < Vmin’

where Vno = Vs,o if Vmin < Vs,a < Vmax’ (23)
Vmax if Vs,o > VmaX'
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A.3. Ball Loss for Reports without Tumor Size or
Count

The standard Ball Loss requires reports to provide per-
tumor diameters because diameters are used to define the
kernel of the Ball Convolution, and because the loss derives
the voxel count N; from the reported diameters (Sec. 3.3).
The high-tolerance variant of the Ball Loss accepts reports
with missing diameters or missing tumor counts by enforc-
ing only a lower bound on the segmentation: the model must
segment at least one small tumor in organ o, but it is not
penalized for segmenting a larger tumor or multiple tumors.

First, we locate the most probable voxels for one small
tumor by running the Ball Convolution with a small di-
ameter (we use 5 mm, the same lower cutoff used in the
high-tolerance Volume Loss above). This produces a small
highest-probability ball, which may actually sit near the
center of a large tumor. Inside this ball, we select the N;
most probable voxels (with N; set to the voxel count of a 5
mm sphere, reduced by 20%). We then create a mask M that
is 1 in these N; most probable voxels and O outside, as in the
standard Ball Loss (Eq. 12).

The mask M, originally defined as a narrow tolerance
margin around M (Eq. 13), is redefined here. In the high-
tolerance Ball Loss, we set M’ to 1 at every voxel inside
organ o except the N; voxels in M (Eq. 24). When the Dice
and cross-entropy losses are applied as in the standard Ball
Loss (Eq. 14), the multiplication by (1 — M’) now zeros the
gradient at every non-located voxel inside the organ. The
model is therefore supervised only at the N; most probable
voxels (where M = 1, gradient pushes probabilities toward
1) and outside the organ (where both masks are 0, gradient
pushes probabilities toward 0); everywhere else, the model is
free to segment larger or additional tumors without penalty.
This is shown in Eq. 24, where O is the pre-saved organ
segmentation mask for organ o.

M=001-M) 24

We then apply the same Dice and cross-entropy losses
as in the standard Ball Loss (Egs. 14 to 16, copied below),
using M as the target. The multiplication by (1 — M’) zeros
the loss gradient at every voxel in M, leaving those voxels
unpenalized.

L/

talo = CE(1 - M) © T°, M)+

Dice((1 - M') ® T°, M)

L if tumors in o
Lo = 4 200
’ CE(T?,0), otherwise

Lyy = z Ly,
0€0

The result is a loss that maximizes tumor probabilities in
a small number of voxels (the most likely voxels for a 5 mm
tumor), minimizes probabilities outside the organ o as usual,
and applies no loss or gradient to all other voxels inside the
organ o. The model is therefore encouraged to segment at
least one small tumor, but it is free to segment a larger tumor
or multiple tumors, without penalty.

B. Training Details

We trained all segmentation models on 3D CT patches of
128 x 128 x 128 voxels at an isotropic spacing of 1 mm. For
CT-Report pairs, each patch was centered on a target organ
(selected with 80% probability among the organs reported as
containing tumors) and was sized to fully contain that organ.
Without this constraint, a tumor mentioned in the report
could fall outside the patch, and the report-based losses
would push the model toward a tumor that is not visible in
the input.

Optimization followed the MedFormer defaults (Gao
et al., 2022): AdamW with weight decay 5 x 1072, gradient
norm clipping at 1, batch size 2, and 100 epochs of 1,000
batches each. The learning rate started at 1 X 10™* with a
5-epoch warmup followed by polynomial decay. CT inten-
sities were clipped to [-991, 500] HU and then normalized.
Data augmentation comprised rotation, brightness, gamma,
contrast, Gaussian blur, and Gaussian noise, applied per
sample as in MedFormer. The only R-Super-specific hyper-
parameters that we tuned are the loss weights, fixed across
all experiments at 1 for the segmentation losses (Dice and
cross-entropy on CT-Mask pairs) and 0.1 for the Volume and
Ball Losses. These weights were tuned once on a validation
set (10% of UCSF-Train, held out at random) and reused
throughout, so no per-experiment tuning is required. When
CT-Mask and CT-Report pairs were combined, CT-Mask
pairs were oversampled to 50% of each epoch’s training
samples.

All baselines compared to R-Super (standard segmenta-
tion, MTL, CLIP, Models Genesis, report-guided pseudo-
labels) used the same MedFormer backbone and hyper-
parameters as R-Super, so that differences in performance
reflect the training methodology rather than the architec-
ture. MTL additionally has a classification head attached to
the MedFormer encoder output. Standard segmentation was
trained on the CT-Mask pairs; MTL was trained on both CT-
Mask and CT-Report pairs; CLIP was first pre-trained on
the CT-Report pairs with a CLIP loss and then fine-tuned on
the CT-Mask pairs; Models Genesis was first pre-trained on
our CT scans with a masked-autoencoder loss and then fine-
tuned on the CT-Mask pairs; report-guided pseudo-labels
used the standard segmentation model to create pseudo-
masks, masks were refined following Bosma et al. (2023),
and a new standard segmentation model (here, also Med-
Former) was trained on these pseudo-masks plus the original
tumor masks (following the same hyper-parameters as the
other models).

nnU-Net (Isensee et al., 2021) is the only method with
a different architecture and training scheme. As a self-
configuring framework intended to be used out of the box, it
was trained on CT-Mask pairs using its standard procedure,
automatic hyper-parameters, and ResEncL architecture. The
only non-default setting was the isotropic voxel spacing of 1
mm, matching the spacing used by all other models.

C. Result Variability
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Table 6

95% confidence intervals (lower—upper, percentage points) for the detection metrics and standard deviations for DSC/NSD in
Tab. 1. The 95% confidence intervals were estimated by nonparametric bootstrap over the test cases (1,000 resamples; 2.5th and
97.5th percentiles). Statistical tests were performed to compare F1-Score and AUC (paired permutation test for F1-Score and
Delong's test for AUC). Orange highlights statistically significant gains over standard segmentation (p < 0.05).

pancreas tumor

kidney tumor

JHH-Test UCSF-Test UCSF-Test
train paradigm mask rep. DSC NSD F1 AUC Se Sp F1 AUC Se Sp  mask rep. F1 AUC Se Sp
few training masks (50)
standard segmentation 50 0 47 46 50-73 51-73 48-75 50-76 43-58 57-70 39-55 72-82 50 0 5869 63-73 61-75 56—69
R-Super (ours) 50 22K 47 47 55-77 65-83 56-80 51-78 55-67 65-75 66-80 52-65 50 2.7K 60-70 60-71 66-80 48-62
medium / many training masks (344 / 1.7K)
CLIP-Like 344 22K 46 46 75-90 77-92 82-98 58-84 53-66 68-79 52-67 70-81 1.7K 2.7K 59-70 66-76 68-81 40-55
Multi-task learning 344 22K 44 44 62-81 70-88 66-89 46-74 46-59 56-68 57-73 43-56 1.7K 2.7K 58-70 65-76 61-76 56-70
Report-G Pseudo-labels 344 22K 44 43 72-88 68-87 69-90 65-88 62-75 78-87 57-72 81-90 1.7K 2.7K 66-75 69-79 74-86 5366
Models Genesis 344 0 46 45 68-87 71-89 65-90 62-86 52-65 67-78 58-74 5769 1.7K 0 61-72 68-78 71-83 47-60
nnU-Net 344 0 47 45 64-83 68-86 63-86 61-85 62-74 74-84 67-81 68-80 1.7K 0 67-77 70-80 82-92 45-60
standard segmentation 344 0 45 42  74-90 75-92 66-89 79-96 60-73 72-83 54-69 81-90 1.7K 0 66-75 68-78 58-72 61-74
R-Super (ours) 344 22K 41 38 8596 85-97 87-100 78-96 78-87 87-94 76-89 85-93 1.7K 2.7K 69-79 73-82 74-85 64-77
Tabs. 6 to 10 report the variability associated with the lesion 1: type = _; certainty = _; size = _; organ =
results in the corresponding tables of the main paper. For _; location = _; attenuation = _;
the segmentation metrics (DSC and NSD), we report the lesion 2: type = _; certainty = _; size = _; organ =
_,; location = _; attenuation = _;

standard deviation. These standard deviations are large be-
cause segmentation performance varies substantially across
patients. Tumors in different patients vary considerably in
size, shape, and texture, leading to differences in segmen-
tation difficulty and, consequently, varying DSC and NSD
scores. Although organs exhibit less variation than tumors,
organ segmentation also yields large standard deviations in
DSC and NSD (Bassi et al., 2024b). For the tumor detec-
tion metrics (sensitivity, specificity, F1-Score, and AUC),
we report 95% confidence intervals, calculated using 1,000
bootstrap samples. Wide confidence intervals or standard
deviations for individual results do not necessarily mean that
the differences between methods are not statistically sig-
nificant. Metrics that are significantly higher than standard
segmentation (p < 0.05) are highlighted in orange in Tabs. 6
to 9.

D. LLM Prompt

We used the prompt below to extract tumor information
fromradiology reports. The prompt was iteratively created in
a collaboration between computer scientists and radiologists
(line breaks as in the original prompt; %(organ)s, %(ex-
ample_report)s, and %(example_answer)s are placeholders
filled per organ with an in-context example):

Instructions: The radiology report below possibly
mentions one or more focal lesions (e.g., tumor,
mass, nodule, cyst).

Read it carefully, paying special attention to the
findings, clinical history, and impressions sections (if
available).

Your task is to list the types, certainty of lesion type,
sizes, organ, locations and attenuation of all lesions
in the report.

Fill out the template below, using one line per lesion
(you may add or remove lines from the template):

If you are absolutely sure the report mentions no
lesion, do not use the template. Instead, reply with:
‘No lesions mentioned.’ and justify why you are sure
the report mentions no lesion.

Consider the following instructions:

A - What is a Lesion:

A lesion is any focal abnormality, including masses,
cysts, or areas of altered density (hyperdense, hypo-
dense, or isodense).

You must list both benign and malignant lesions.
Include lesions that are confirmed as well as those
that are only suspicious (in this case, use ‘certainty
= low’ in the filled template).

Common terms that indicate a lesion: metastasis,
nodule, soft tissue, nodular thickening, tumor, le-
sion, mass, cyst, pseudo-cyst, neoplasm, cancer, in-
dex lesion, oncologic finding, adenoma, carcinoma,
growth, abnormal thickening, focus, LI-RADS lesion,
hyperdensity, hypodensity, and isodensity.

Terms that are not a focal lesion: diverticu-
lum (unless it is suspicious for malignancy); re-
nal/gallbladder stones (e.g., cholelithiasis); hy-
per/hypoenhancing fluid collection not caused by a
cyst or mass (e.g., caused by abscess, or postop-
erative changes), if the patient has cancer history
but the tumor was surgically removed (e.g., whipple
procedure for pancreatic tumors) and there is no
current evidence of the tumor, do not list it;

B - Size:

1- When to use numbers:

Reports can write the size of the lesion in 1D, 2D,
or 3D measurements, and you should use the same
standards used in the report.

Write 1D measurements as: 15 mm; 2D measure-
ments as: 15 x 10 mm; and 3D measurements as: 40
x 30 x 30 mm. You may use either cm or mm, but you
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Report Supervision

Table 7

95% confidence intervals (lower—upper, percentage points) for the detection metrics and standard deviations for DSC/NSD in
Tab. 2 (size-stratified). The 95% confidence intervals were estimated by nonparametric bootstrap over the test cases (1,000
resamples; 2.5th and 97.5th percentiles). Statistical tests were performed to compare F1-Score and AUC (paired permutation test
for F1-Score and DelLong's test for AUC). Orange highlights statistically significant gains over standard segmentation (p < 0.05).

pancreas tumor kidney tumor

JHH-Test UCSF-Test UCSF-Test
train paradigm mask rep. DSC NSD F1  AUC Se Sp F1  AUC Se Sp mask rep. F1 AUC Se Sp
small tumors (diameter < 2 cm)
few training masks (50)
standard segmentation 50 0 13 29 18-56 43-78 27-78 48-76 32-50 51-66 31-51 72-83 50 0 34-51 52-67 42-64 56-70
R-Super (ours) 50 22K 24 32 15-52 51-83 21-73 50-77 46-61 65-78 66-84 52-65 50 2.7K 38-54 53-69 b54-75 48-62
medium / many training masks (344 / 1.7K)
CLIP-Like 344 22K 19 32 52-82 82-07 100-100 58-83 41-58 67-79 45-64 69-81 17K 27K 32-48 58-73 46-68 41-54
Multi-task learning 344 22K 20 31 35-70 69-04 65-100 46-74 34-50 54-68 49-71 43-56 1.7K 27K 37-54 57-73 46-68 56-70
Report-G Pseudo-labels 344 22K 21 36 40-77 62-91 50-94 68-90 54-71 76-87 53-72 81-90 1.7K 2.7K 41-57 64-77 56-76 53-66
Models Genesis 344 0 15 27 40-78 74-94 58-100 63-87 40-55 63-76 50-70 57-70 1.7K 0 34-52 58-72 48-71 47-61
nnU-Net 344 0 26 30 36-74 61-91 50-94 62-86 53-68 72-84 62-80 68-79 1.7K 0 45-61 64-78 72-90 46-59
standard segmentation 344 0 20 31 42-81 69-95 40-92 78-96 50-67 70-83 48-67 80-89 1.7K 0 29-48 62-76 33-56 60-74
R-Super (ours) 344 22K 26 31 62-93 80-96 79-100 78-96 68-82 86-94 68-85 85-93 1.7K 2.7K 48-64 72-84 59-79 62-76
large tumors (diameter > 2 cm)
few training masks (50)
standard segmentation 50 0 6 10 45-71 48-73 49-80 49-75 23-48 67-87 42-78 72-83 50 0 47-65 68-82 71-91 56-69
R-Super (ours) 50 22K 15 24 52-78 68-87 62-90 51-77 21-41 65-85 62-93 52-65 50 2.7K 45-61 65-78 77-93 48-62
medium / many training masks (344 / 1.7K)
CLIP-Like 344 22K 19 28 64-85 73-91 72-97 58-84 30-54 73-93 67-96 69-80 1.7K 2.7K 46-62 71-83 89-100 41-54
Multi-task learning 344 22K 22 32 49-75 66-88 58-88 47-73 19-37 59-80 68-96 44-56 1.7K 2.7K 46-62 70-83 68-87 56-70
Report-G Pseudo-labels 344 22K 22 34 67-87 67-89 70-94 67-90 42-67 81-97 68-95 81-90 1.7K 2.7K 54-69 69-81 92-100 53-67
Models Genesis 344 0 18 26 58-82 68-87 62-90 63-87 2646 72-92 71-97 57-70 1.7K 0 50-65 74-86 92-100 47-61
nnU-Net 344 0 26 30 58-81 68-88 61-90 62-85 33-56 84-94 76-100 68-79 1.7K 0 48-63 70-82 87-99 46-59
standard segmentation 344 0 22 31 71-91 73-93 68-94 78-96 42-67 77-96 71-97 80-90 1.7K 0 55-71 68-81 84-97 61-74
R-Super (ours) 344 22K 27 34 79-96 86-98 86-100 78-96 56-79 89-97 89-100 85-93 1.7K 2.7K 59-74 69-81 92-100 62-75

Table 8

95% confidence intervals (lower—upper, percentage points) for the detection metrics and standard deviations for DSC/NSD in
Tab. 3. The 95% confidence intervals were estimated by nonparametric bootstrap over the test cases (1,000 resamples; 2.5th
and 97.5th percentiles). Statistical tests were performed to compare R-Super and standard segmentation for F1-Score and AUC
(paired permutation test for F1-Score and DelLong's test for AUC); orange highlights statistically significant gains (p < 0.05).

training JHH-Small JHH-Large Merlin-Test
train paradigm mask rep. DSC NSD F1 AUC Se Sp DSC NSD F1 AUC Se Sp F1  AUC  Se Sp
nnU-Net 926 0 26 30 79-88 87-94 74-87 82-93 26 30 76-92 90-99 7897 90-98 64-75 71-80 61-75 67-79
Multi-task learning 926 1,848 25 32 87-95 91-98 85-97 86-97 24 24 93-100 96-100 93-100 90-100 64-75 71-79 56-70 77-88
standard segmentation 926 0 24 31 86-95 90-97 78-93 94-100 22 21 96-100 99-100 93-100 100-100 61-73 69-78 52-67 77-87
R-Super (ours) 926 1,848 24 29 92-98 94-99 87-98 94-100 23 22 95-100 100-100 100-100 90-100 73-82 79-87 70-83 74-85

MUST WRITE in each line of the filled template the include one entry with ‘size = multiple’ for that

unit you are using (cm or mm). If a report does not
specify the unit, assume it is mm.

Say size = U if the report does not specify the size of
a lesion.

2- When to use ‘size = tiny’ or ‘size = massive’:

If a reports describes a lesion without numeric di-
ameters, but describes the lesion with adjectives like
tiny, small, large, or massive, you **must™** include
one entry with ‘size = tiny’ or ‘size = massive’ for
that lesion. However, always prefer using the lesion
diameter, if provided.

If the report does not provide the diameter nor any
size-related adjective, say size = U.

3- When to use ‘size = multiple’:

If the report mentions multiple lesions in an organ
**but does not give an exact count™*, you **must**

organ.
Only use ‘size = multiple’ when you cannot deter-
mine the number; otherwise, create individual en-
tries for each described lesion.

Handling reports with unknown lesion counts AND
some described lesions:

If the report says there are  multi-
ple/innumerable/many lesions in an organ **and**
then describes a few of them (e.g., gives their size),
your output should include:

One row describing each **explicitly described**
lesion.

One additional row with ‘size = multiple’ to repre-
sent the unspecified lesions.

Example:

Report: A 2 cm metastasis in liver sub-segment 3, and
multiple other small metastases in the liver.

P.R.A.S. Bassi et al.: Preprint submitted to Elsevier

Page 21 of 23


https://arxiv.org/abs/2203.00131
https://www.nature.com/articles/s41586-026-10181-8
https://ieeexplore.ieee.org/document/8759483/
https://pubs.rsna.org/doi/full/10.1148/ryai.230031
https://doi.org/10.1016/j.media.2020.101840
https://www.nature.com/articles/s41592-020-01008-z
https://arxiv.org/abs/2203.00131
https://arxiv.org/abs/2203.00131
https://www.nature.com/articles/s41586-026-10181-8
https://ieeexplore.ieee.org/document/8759483/
https://pubs.rsna.org/doi/full/10.1148/ryai.230031
https://doi.org/10.1016/j.media.2020.101840
https://www.nature.com/articles/s41592-020-01008-z
https://arxiv.org/abs/2203.00131
https://www.nature.com/articles/s41592-020-01008-z
https://ieeexplore.ieee.org/document/8759483/
https://arxiv.org/abs/2203.00131
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Table 9 If the report provides lesion type, inform it.
Otherwise, say type = U if the report does not specify
the type of the lesion.

95% confidence intervals (lower—upper, percentage points) for
the detection metrics in Tab. 4. The 95% confidence intervals
were estimated by nonparametric bootstrap over the test cases
(1,000 resamples; 2.5th and 97.5th percentiles). Statistical 1- If the lesion type is not specified in findings, you
tests compare R-Super and standard segmentation (paired may deduce it from the clinical history or impressions
permutation test for F1-Score, DeLong's test for AUC); orange sections.

highlights statistically significant gains (p < 0.05).

Follow these rules:

2- Cyst, or cystic lesion, is a common type of lesion.
For any cysts, you say type = cyst.

training pancreas tumor
3- Assign type = metastasis if the lesion is described
train paradigm mask  rep. F1 AUC Se Sp gnip R K if L. K
T as a metastasis (or implant) originating from a can-
Swiss- Test cer in another organ, unless the report explicitly
nnU-Net ) 348 0  74-81 70-78 70-78 65-77 states otherwise. Determine certainty based on the
Multi-task learning 3,488 28,295 70-77 72-79 59-68 80-89 level d din th
standard segmentation 3,488 0 76-84 79-85 67-77 80-91 eve OfCOI’lﬁ ence expressed in the report.
R-Super (ours) 3,483 28,295 83-83 82-83 78-85 81-90 4- If the report does not mention the lesion type, but
UCSF-Test-Non-Contrast you read that the patient has cancer in the organ
nnU-Net 3.488 0 40-62 58-76 52-80 66-80 where the lesion is, or has a history of malignant
Multi-task learning 3,488 28,295 5-33 50-60 2-20 98-100 lesions in the organ, or the lesion is growing, or it is
standard segmentation 3,488 0 47-74 67-82 36-65 93-99 ‘ . ; ’ — ;
' suspicious for malignancy’, sa e = malignant.
R-Super (ours) 3,488 28,295 63-84 88-96 55-80 93-99 P f 8 Y Y yp 8

Your output:

lesion 1: type = metastasis; certainty = high; size = 2
cm; organ = liver; location = segment 3; attenuation
=U;

lesion 2: type = metastasis; certainty = high; size =
multiple; organ = liver; location = U; attenuation =
U,'

Key rules:

1. Always include individual entries for every lesion
that is specifically described in the report.

2. Whenever the report indicates multiple unspecified
lesions in an organ, also include one entry with ‘size
= multiple’ for the organ.

C - Organ:

Organ is the organ where the lesion is located. Use
standard organ names, like: liver, pancreas, kidney,
spleen, colon, pelvis, adrenal gland, bladder, gall-
bladder, breast, stomach, lung, esophagus, uterus,
bone, prostate, and duodenum.

Do not consider the ‘GI-Tract’ as an organ. Instead,
try to localize the tumor in one of these Gl-tract
organs: esophagus, stomach, duodenum, small in-
testines or colon. You can consider ‘organ = colon’
for rectal lesions. You can consider ‘organ = esoph-
agus’ for lesions in the esophagus-gastric junction.
D - Location:

For location, check if the report specifies the sub-
segment or part of the organ where the lesion is.
If it specifies: for liver, choose location as seg-
ment 1/2/.../8. For the pancreas choose the pan-
creas head/body/neck/tail/uncinate process. For the
kidney: left kidney/right kidney. For other organs,
Jjust check if the report mentions some type of organ
region or sub-segment.

Say location = U if the report does not specify the
intra-organ location of a lesion.

If a single lesion is in more than one location, you
can say both. E.g., location = liver segment 4/5.

E - Type:

However, do not say type = malignant if a more
specific lesion type is given (like PDAC and PNET
in pancreas, RCC in kidney, HCC in liver,...).

4- If the report does not mention the lesion type, but
it explicitly indicates that the lesion is likely benign
(or mentions it may be one of several benign lesion
types), say type = benign. However, do not say type
= benign if a more specific lesion type is given (like
cyst or polyp).

5- Try reporting types using their most standard
name, followed by their acronym. For example, if the
report mentions ‘adenocarcinoma in the pancreas’
or ‘PDAC’, say type = Pancreatic Ductal Adenocar-
cinoma (PDAC).

F - Certainty:

Certainty of the lesion type, according to the report.
If a report mentions a lesion type in the findings,
history, or impressions, without demonstrating un-
certainty, say certainty = certain.

If the report expresses strong confidence in lesion
type, say certainty = high.

If the report mentions a lesion type but expresses
significant uncertainty about it, say certainty = low.
If the report does not mention the lesion type, say
certainty = U.

G - Attenuation:

For each lesion, inform the attenuation if the report
mentions it. You should choose one of these op-
tions: hyperenhancing, hypoenchanging, isoenhanc-
ing, hererogeneously enhancing, or U (unknown).
The report may use synonyms like hypermetabolic
and hypoattenuating, but you must only answer
me hyperenhancing, hypoenchanging, isoenhancing,
hererogeneously enhancing or U (unknown).

H - Justification:

Besides filling the template, justify your answer, care-
Sfully mentioning each section of the report if present:
history, findings, and impressions.

Explain from which sentences you got each size,
location, and type.
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Table 10

Report Supervision

Uncertainty for Tab. 5: 95% confidence intervals (lower—upper, percentage points) for Se/Sp/F1/AUC and standard deviations

for DSC/NSD. The 95% confidence intervals were estimated by nonparametric bootstrap over the test

2.5th and 97.5th percentiles).

cases (1,000 resamples;

pancreas tumor

kidney tumor

JHH-Test UCSF-Test UCSF-Test
train paradigm mask rep. DSC NSD F1 AUC Se Sp F1  AUC  Se Sp mask rep. F1 AUC  Se Sp
R-Super (ours) 344 22K 41 38 85-96 85-97 87-100 78-96 78-87 87-94 76-89 85-93 1.7K 2.7K 69-79 73-82 74-85 64-77
loss functions
Volume Loss only 344 22K 41 40 88-98 94-100 81-98 94-100 70-81 85-93 73-86 77-86 1.7K 2.7K 70-80 69-79 81-91 56-70
Ball Loss only 344 22K 43 42 74-91 86-96 66-90 81-98 64-77 77-87 56-72 86-94 1.7K 2.7K 69-78 69-80 82-92 51-65
LLM size
small LLM (4B) 344 22K 40 34 7390 7592 63-86 84-98 64-76 74-85 66-81 74-84 1.7K 2.7K 66-76 71-80 85-94 41-55
tiny LLM (0.6B) 344 22K 44 42 63-83 72-88 57-83 6890 55-70 68-78 45-63 86-94 1.7K 2.7K 68-77 71-81 81-91 48-62
report information removed
no pancreas sub-segment 344 22K 43 37 76-92 83-96 68-90 84-98 65-77 76-85 65-81 76-86 1.7K 2.7K 67-77 70-80 81-92 47-60
no tumor size 344 22K 45 42 76-93 81-94 63-88 93-100 60-73 72-81 56-72 79-88 1.7K 2.7K 68-78 71-81 82-93 48-62
organ mask importance
50 CT organ segmenter 344 22K 39 31 89-99 93-100 89-100 86-100 70-81 81-89 80-91 71-82 1.7K 2.7K 67-77 70-80 78-89 50-64
no organ mask 344 22K 42 37 80-94 87-97 67-91 93-100 63-75 76-85 60-76 78-88 1.7K 2.7K 67-78 71-81 79-90 51-65
injected LLM errors (or report errors)
+5% errors 344 22K 39 32 86-97 88-98 81-98 90-100 66-78 80-89 65-80 78-88 1.7K 2.7K 69-78 72-81 86-94 44-58
+10% errors 344 22K 41 34 82-95 90-98 78-96 83-98 72-83 83-91 71-85 83-91 1.7K 2.7K 68-78 72-81 77-88 56-70
+20% errors 344 22K 41 34 8295 83-96 76-94 87-100 65-77 77-86 68-83 73-84 1.7K 2.7K 67-77 71-81 81-92 46-60
100% errors 344 22K 45 42 57-80 64-84 45-73 80-98 50-62 62-73 65-80 44-57 1.7K 2.7K 60-71 64-75 70-83 43-57

Some reports may refer to past measurements (using
words like previously, before, or giving dates). Ignore
previous measurements.

Provide me a syntactic analysis of the report sen-
tences mentioning lesion sizes. In this analysis, ex-
plain which measurement refers to which lesion, if
the measurement is current or past, and if the corre-
sponding lesion is malignant or benign.

1 will provide an example of a report and a correct
answer for a %(organ)s lesion:

Example report:
%(example_report)s
Example answer:

%(example_answer)s

End of the example.
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