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Abstract. Developing robust 3D-CT foundation models (FMs) using
large-scale, real-world clinical data is hindered by three barriers: unstruc-
tured report curation, the resolution-batch size trade-off, and vision-
language correspondence ambiguity. We propose TotalFM, an organ-
separated framework that automatically converts raw clinical CT images
and reports into FM-optimized, organ-level volume–finding pairs. By de-
composing whole CT volumes into anatomically meaningful units, this
approach enables high-resolution 3D encoding with large batch sizes for
efficient contrastive learning. The proposed framework was trained on
286,667 CT series and 401,501 organ-level volume-finding pairs. In zero-
shot tasks, it consistently outperformed state-of-the-art models in organ-
wise anomaly detection and finding-wise AUROC across the majority
of disease categories. These results demonstrate that organ-separated
learning is a scalable, clinically interpretable principle for bridging the
gap between raw clinical archives and 3D-CT FMs. The source code
and pretrained models are publicly available at https://github.com/jichi-
labo/TotalFM.
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1 Introduction

In diagnostic imaging AI, foundation models (FMs) complement annotation-
limited supervised learning by enabling the acquisition of generalizable represen-
tations from large-scale clinical data [1, 3, 4, 7, 18, 25, 26, 29]. Achieving external
validity in real-world settings requires that such representations reflect the di-
versity and complexity of routine practice. Nevertheless, in 3D-CT, efficient and
reliable utilization of raw clinical data for foundation-model training remains
hindered by three fundamental barriers [15, 21].

– Curating clinical data for foundation-model training. Routine clinical
CT data are not directly suitable for foundation-model training: reports are
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unstructured and mix findings across organs, and a single examination often
includes multiple series with different scan ranges and contrast phases [9,
19]. Thus, simply collecting data does not guarantee reliable report–image
correspondence.

– The trade-off between resolution and batch size. The high dimen-
sionality of 3D-CT creates a conflict between the spatial resolution needed
to capture subtle lesions and the batch size required for efficient contrastive
learning [5, 8]. High-resolution 3D inputs drastically limit batch size due to
GPU memory constraints, leading to stalled learning and unstable conver-
gence.

– Input granularity and representation reliability. Contrastive repre-
sentation learning based on CLIP has been reported to suffer from several
limitations, including its inability to faithfully preserve geometric structures
in images and its difficulty in capturing fine-grained contextual information
in long-form text [11, 28]. In the context of 3D-CT foundation models, most
prior studies adopt a paradigm in which the entire CT volume and/or the
full radiology report are provided as input [1, 3, 4, 7, 25]. In medical appli-
cations, controlling the granularity at which embedding representations are
constructed is not merely a design choice but a critical requirement, as it di-
rectly affects diagnostic performance, model reliability, and interpretability.

To address these three challenges simultaneously, we propose TotalFM, an
organ-separated framework for building 3D-CT FMs. Our pipeline converts non-
curated CT images and reports into organ-level volume–finding pairs (VFPs),
enabling high-resolution 3D encoding with practical batch sizes and more reli-
able, fine-grained representations.

2 Methods

2.1 Dataset

Real-world axial CT series and Japanese radiology reports were obtained from
the Japan Medical Image Database (J-MID) [2] for the year 2024. For self-
supervised pretraining, we included 119,275 studies (8 institutions) acquired be-
tween January 1 and May 15. For model development (training/validation) and
internal testing, we used 69,032 studies (8 institutions) acquired between Octo-
ber 1 and December 31. Among these institutions, one was held out for internal
testing. The remaining institutions were split by acquisition date into Train-
ing (October 1–December 22) and Validation (December 23–December 31). For
external validation, we used the test set of the Merlin Abdominal CT Dataset.

2.2 Dataset Construction Pipeline

We built a fully automated pipeline that combines an LLM and organ segmen-
tation to generate foundation-model–optimized, organ-level VFPs from raw CT
images and radiology reports (Figure 1).
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Fig. 1. Overview of the dataset construction pipeline.

– Text parsing: Raw Japanese radiology reports were first segmented into
finding-level sentences using a BERT-based classifier [13]. The segmented
findings were then input into GPT-OSS 20B to extract positive findings,
identify the mentioned organ(s), and infer the optimal contrast phase for
assessing each finding from four categories: non-contrast, arterial, portal,
and equilibrium or later phases. We provide the prompts in our GitHub
repository.

– Image parsing: We applied TotalSegmentator to CT series to obtain organ
segmentation labels and contrast phase information, categorizing each series
into the same four groups as defined in the text parsing step [24].

– Pairing: We integrated the above outputs to generate VFPs that link a
specific organ volume to its corresponding finding sentence. Under radiologist
supervision, we developed a matching algorithm to select the optimal image
series when the preferred contrast phase for a specific finding was unavailable.

– Negative augmentation: To strengthen the learning of normal anatomy,
we paired organs not explicitly mentioned in the report with rule-based nor-
mal sentences, which were treated as negative samples (defined as "Rule-
based negative").

2.3 Model Architecture and Training

Our model architecture and training scheme were informed by InternVideo2
[23]. Following prior volumetric CT studies, we treat the third dimension as
an ordered spatial axis rather than a temporal axis and adopt VideoMAE [20]
solely as a framework for 3D token modeling and masked reconstruction. Training
consisted of two stages: (i) self-supervised pretraining with VideoMAE for 10
epochs (approximately 6 days), and (ii) image–text contrastive learning using
organ-level VFPs for 20 epochs (approximately 1 day).

For each organ, the input volume was cropped based on the correspond-
ing segmentation mask and resized to 192 × 192 × 32, which was empirically
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determined to encompass the majority of target organs. To accommodate dif-
ferent windowing conditions, we applied three-channel windowing with window
level/width settings for lung (-600, 1500), soft tissue (40, 400), and bone (300,
1500), each normalized to 0–1.

– Image encoder: a 3D ViT-based model (ViT-B scale; ≈131M parameters)
that processes organ-specific volumes of 192 × 192 × 32 with three-channel
windowing [6].

– Text encoder: Japanese ModernBERT (sbintuitions/modernbert-ja-130m)
projecting findings into a 512-dimensional shared embedding space [22].

This pipeline enabled a batch size of 32 samples per GPU. Table 1 summarizes
key settings of representative existing FMs, including input resolution and batch
size.

Table 1. Comparison of input resolution, computational cost, and training configura-
tions among related works.

Model Resolution GFLOPs GPU GPUs Batch Per GPU

CT-CLIP [7] 480× 480× 240 484 A100 4 8 2
RadFM [25] 256× 256× 64 81 A100 32 32 1
Merlin [4] 224× 224× 160 667 A6000 1 18 18
Pillar-0 [1] 384× 384× 384 14,926 H100 8 64 8

TotalFM 192× 192× 32 180 H100 2 64 32

2.4 Evaluation

Pipeline validity check. To assess the validity of the VFPs produced by our
pipeline, we randomly sampled 500 pairs and asked a board-certified radiologist
to evaluate the triplets consisting of the finding text, the predicted organ label,
and the cropped organ volume.

Downstream evaluation. We evaluated the learned FM on two zero-shot
downstream tasks. In both tasks, TotalFM received organ-cropped CT volumes
and Japanese text inputs, whereas CT-CLIP and Merlin were evaluated using
full CT volumes and English prompts translated from the original Japanese
sentences with an LLM (GPT-OSS 20B [17]).

Organ-wise lesion classification using actual reports. A binary task was defined
for each organ using balanced positive and negative samples (1:1). We com-
pared the cosine similarity between the organ-cropped CT embedding and two
prompts: the original finding and a rule-based negative template (e.g., “No sig-
nificant abnormality is observed in the {organ_name}.”). For negative samples,
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a positive finding sentence from the same organ was randomly selected from
the evaluation set. Cosine similarity was computed between the image embed-
ding and each text embedding, and the label was assigned based on the higher
similarity. Performance was measured using the F1-score for each organ.

Finding-wise lesion classification. Similarity between the image embedding and
a rule-based positive prompt (“{abnormal_finding} is present.”) served as the
confidence score. When a single disease label corresponded to multiple organ
labels (e.g., kidney), similarity was computed for each organ and averaged to
obtain the final confidence score. AUROC was used to evaluate performance.

3 Results

3.1 Data Used and Preprocessing

Table 2 summarizes the scale of the data used in our pipeline construction
and validation. We used 286,667 CT series for pretraining. For model train-
ing and internal testing, we generated 401,501 organ-level VFPs from 166,978
series contained in 69,032 CT examinations with associated radiology reports. In
the pipeline validity check, invalid triplets were rare: 6/208 (2.9%) for positive
findings, 2/154 (1.3%) for negative findings, and 2/138 (1.4%) for rule-based
negative pairs.

In addition, we adopted the dataset of 5,125 cases used as the internal test
set in the Merlin study as our external dataset.

Table 2. Dataset statistics for each split.

Dataset Pretrain Train Valid Test

Dates (2024) Jan 1–May 15 Oct 1–Dec 22 Dec 23–Dec 31 Oct 1–Dec 31
Institutions 8 7 7 1
Studies 119,275 57,457 5,964 5,611
Series 286,667 141,554 14,347 11,077

Imaging regions (No. of series)
Head – 10,915 1,115 1,281
Neck – 1,686 202 57
Chest – 62,547 5,727 3,346
Abdomen/Pelvis – 18,121 1,994 1,729
Torso – 45,245 4,754 4,305
Whole body – 3,040 329 359

Volume–finding pairs
(Original sentence)

– 224,117 12,415 40,710

Volume–finding pairs
(Rule–based negative)

– 107,035 5,503 11,721
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3.2 Organ-wise lesion classification

Table 3 reports zero-shot lesion classification performance by organ. Averaged
over commonly supported organs, TotalFM improved F1 over CT-CLIP (0.708
vs. 0.515; +37.5%) and Merlin (0.692 vs. 0.650; +6.5%). TotalFM outperformed
CT-CLIP in all organs except the aorta and surpassed Merlin in 64% (9/14) of
organs, with F1 > 0.6 for all evaluated labels.

Table 3. Zero-shot organ-wise paired image–text lesion classification (F1).

Organ CT-CLIP Merlin TotalFM (ours)

brain – – .618
thyroid gland .354 – .731
trachea .478 – .709
esophagus .556 .662 .761
lung .475 .379 .612
aorta .650 .685 .611
heart .574 .694 .824
liver – .788 .739
gallbladder – .705 .694
stomach – .590 .666
spleen – .624 .704
kidney – .447 .708
pancreas – .666 .678
small bowel – .692 .749
colon – .767 .652
urinary bladder – .590 .618
prostate – .817 .675
“–” indicates organs not included in a model’s training data.

3.3 Finding-wise lesion classification

Figure 2 compares AUROC across finding categories on J-MID. Our model out-
performed Merlin in 83% (25/30) of categories, while performance was compa-
rable or slightly lower for elongated organs along the z-axis (e.g., aorta, lungs)
or organs split into multiple TotalSegmentator labels. We also benchmarked on
the Merlin Test dataset, evaluating 17 localizable categories. Merlin tended to
perform better on aorta and lung-field findings, whereas performance was com-
parable for other findings.

4 Discussion

The pipeline developed in this study enables the transformation of “raw infor-
mation” from real-world clinical reports into organ-level representations suitable
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Fig. 2. Comparison of AUROC performance by finding category. (a) AUROC compar-
ison for 30 finding categories defined in the J-MID dataset. (b) AUROC comparison
for 17 finding categories selected from the Merlin Test dataset.

for FM training. This achievement is built upon the foundations of existing re-
search in organ segmentation and open-source large language models; specifically,
we utilized TotalSegmentator and GPT-OSS to achieve efficient dataset con-
struction by maximizing existing resources [17, 24]. Furthermore, our TotalFM,
trained on the constructed organ-level VFPs, demonstrated high performance
across two zero-shot tasks, validating the feasibility of the training paradigm
from clinical data to FMs. Specifically, in zero-shot organ-wise anomaly detec-
tion (F1-score), it outperformed CT-CLIP in 83% (5/6) and Merlin in 64%
(9/14) of organs. In disease/finding-based AUROC evaluation, our model sur-
passed Merlin in 83% (25/30) of the finding categories. While its performance
was lower than Merlin’s in 10 out of 17 items on the Merlin test set, it still showed
relatively competitive performance, considering that this test set is an internal
dataset for Merlin. This performance gap may reflect domain shifts arising not
only from language translation, but also from differences in reporting styles, pa-
tient populations, scanners, and acquisition protocols between the J-MID and
Merlin datasets.

4.1 Organ-Separated Learning as a Design Principle for 3D-CT
Foundation Models

A central challenge in developing 3D-CT FMs is the trade-off between spatial
resolution and training efficiency. High-resolution volumetric encoding is compu-
tationally expensive and typically forces smaller batch sizes, which can weaken
contrastive learning [5, 8].
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By decomposing CT volumes into anatomically meaningful organ units, our
framework preserves within-organ resolution while enabling large-batch con-
trastive learning. This reduces computation on background regions and improves
GPU-memory utilization, allowing for larger batch sizes at higher resolutions
by reallocating computational resources from the entire CT volume to specific
organ-level volumes.

Although not directly evaluated here, whole-volume encoding may limit dis-
crimination of sub-regional structures and laterality (e.g., left versus right): com-
pressing an entire CT volume into a single representation can dilute fine-grained
spatial cues [11]. In contrast, organ-separated learning constrains representations
to localized anatomical units, potentially improving intra-organ discrimination
and laterality awareness. Whether this advantage yields measurable gains in
fine-grained anatomical reasoning warrants further study.

4.2 Clinical Implications and Translational Potential

The proposed framework has substantial clinical implications. By adopting organ-
level encoders, TotalFM enables organ-specific abnormality detection and pro-
vides a flexible foundation for practical applications, including Computer-Aided
Diagnosis and retrieval-based tasks. The learned image–text embedding space
supports bidirectional retrieval—searching radiology reports from CT images
or identifying relevant image regions from textual queries [27, 29]—potentially
facilitating clinical decision support, case search, and educational use.

Furthermore, we propose a translational pipeline that automatically converts
routine radiology department data into organ-level structured representations
suitable for AI training. Unlike many existing studies that rely on carefully cu-
rated and manually annotated datasets [4, 7], our approach leverages real-world
clinical reports and segmentation outputs to construct large-scale training data
in a fully automated manner. This perspective represents an initial step toward
overcoming the limitations of curated datasets and moving closer to continuous
learning frameworks grounded in routine clinical practice. Importantly, the pro-
posed pipeline may also serve as an infrastructure for institution-specific iterative
training, allowing FMs to be continuously adapted to local imaging protocols,
reporting styles, and patient populations.

4.3 Limitations

Several limitations exist in this study. First, findings that do not correspond to
the anatomical labels provided by TotalSegmentator were excluded. Specifically,
findings related to the vascular system (excluding the aorta) and the lymphatic
system were largely omitted from the training data. To address this, future
dataset construction requires methods to localize regions within the CT volume
that correspond to finding sentences, potentially utilizing techniques such as
Open-Vocabulary Segmentation or Visual Grounding to learn richer local rep-
resentations [10, 30]. Second, while most previous studies perform contrastive
learning between whole reports and whole volumes, our approach adopts a finer
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granularity by pairing specific finding sentences with organ volumes. A draw-
back of this approach is that the InfoNCE loss treats all non-paired elements in
a mini-batch as negatives [16]. This may introduce noise, as certain non-paired
combinations within a batch might actually represent positive findings, poten-
tially leading to over-separation of representations or unstable optimization [12,
14].

5 Conclusion

We presented TotalFM, a 3D-CT FM trained using a fully automated pipeline
that converts multi-institutional, real-world CT images and radiology reports
into learning-ready organ-level data. By adopting an organ-separated training
strategy, TotalFM enables larger effective batch sizes and more efficient learning,
and achieves competitive or superior performance to state-of-the-art models on
two zero-shot downstream tasks.
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