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Abstract

Accurate classification of focal liver lesions (FLLs) is crucial for reliable clinical decision-
making. Inspired by contrastive vision-language models such as CLIP and MedCLIP, we
propose Liver-VLM for FLLs classification, trained on a dedicated multi-phase 2D CT
dataset. Liver-VLM aligns multi-phase CT image representations with class-specific
textual descriptions by calculating their similarity under a cross-entropy loss.
Furthermore, we design tailored, enriched textual prompts to stabilize optimization and
enable robust classification even with limited labeled data. Additionally, self-supervised
pretraining and data augmentation strategies are incorporated to further improve
classification performance. Experimental results on an in-house MPCT-FLLs dataset
demonstrate that Liver-VLM consistently outperforms existing VLMs, achieving an
accuracy of 85.63 + 3.18% and an AUC of 0.94 + 0.01. Our findings highlight the efficacy of
self-supervised learning and task-specific augmentation in overcoming data scarcity and
distributional biases in medical image analysis.

Keywords: focal liver lesions (FLLs); multi-phase CT imaging; self-supervised learning;
vision-language models (VLMs); data augmentation; phase shuffle strategy

1. Introduction

Focal liver lesions (FLLs) are a common finding in multi-phase computed
tomography (CT) images, ranging from benign conditions such as hepatic cysts to
malignant tumors like hepatocellular carcinoma (HCC). Multi-phase CT images are
widely used for the diagnosis of FLLs. Standard multi-phase CT [1] protocols typically
acquire scans at three stages: Non-Contrast (NC), Arterial (ART), and Portal Venous (PV)
phases, although some protocols may additionally include a Delayed (DL) phase. As
depicted in Figure 1, several representative categories of FLLs, including Cyst, Focal
Nodular Hyperplasia (FNH), hepatocellular carcinoma (HCC), and Hemangioma (HEM),
are shown across the corresponding imaging phases. Notably, FLLs demonstrate phase-
dependent visual variations due to differing contrast enhancement behaviors over time,
highlighting the diagnostic importance of temporal phase information.

Accurate classification of FLLs from the multi-phase CT images is essential for
effective clinical decision-making. However, the diagnostic process often depends heavily
on radiologists’ clinical experience, leading to inherent subjectivity. To address this
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limitation, a variety of deep learning-based approaches [2,3] have been proposed and
have achieved state-of-the-art performance. Despite these advances, the creation of
annotated multi-phase CT datasets remains labor-intensive and time-consuming,
resulting in limited data availability. Consequently, most medical imaging datasets are
small-scale, posing a significant challenge for further improving model performance. In
our previous work, we demonstrated that utilizing pretrained models on large-scale
datasets such as ImageNet [4] or adopting self-supervised learning (SSL) techniques [5-7]
can significantly enhance the classification accuracy of FLLs. It is worth noting that most
existing methods rely on traditional fully connected (FC) layer-based classification.

CYST FNH HCC HEM

NC

ART

PV

Figure 1. Evolutionary patterns of four FLL types across three phases.

In contrast, Contrastive Language-Image Pre-training (CLIP) [8] has been proposed
to learn generalized visual representations from textual annotations, offering a paradigm
known as text-guided image classification. In this approach, each class label is represented
as a natural-language prompt, and classification is performed by computing the cosine
similarity between the image embedding and each text embedding. The prompt with the
highest similarity score is then selected as the predicted class. Compared to traditional
FC-based methods, text-guided image classification offers two main advantages: (1) It
allows the use of natural language descriptions (e.g., “a photo of a cat”, “an image of a
dark dog”) to support fine-grained and context-aware classification, thereby enhancing
prediction accuracy. (2) Trained on a large and diverse set of imaging-text pairs, Vision-
Language Models (VLMs) acquire broad semantic knowledge, resulting in superior
generalization across different tasks and domains.

However, CLIP’s performance on medical image classification remains suboptimal
due to the domain gap between natural and medical images. MedCLIP [9] extends CLIP
to the medical domain through a text-guided supervision strategy, where a semantic
similarity matrix derived from medical reports serves as a teacher signal. The model
learns to align its predicted image-text similarity matrix with the semantic matrix to
encode medical semantics more effectively. Nevertheless, being pretrained mainly on X-
ray images, MedCLIP faces domain shift issues when generalized to CT scans, and its
more expressive design further increases computational cost and optimization
complexity. Beyond CLIP-style models, recent attention-based frameworks have also
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advanced liver CT analysis. For example, Attention GhostUNet++ [10] employs multi-
scale channel-spatial-depth attention to improve liver segmentation, and Uni-MLIP [11]
leverages unified self-supervised vision-language pretraining with efficient attention to
refine cross-modal representations. These works highlight the growing trend of attention-
driven designs while emphasizing the need for more lightweight attention strategies and
domain-adaptive solutions suitable for liver-specific representation learning.

To address these challenges, we propose Liver-VLM for FLLs classification. While
inspired by the CLIP framework, Liver-VLM is specifically trained on a dedicated FLLs
dataset, making it better suited for the medical imaging domain. The primary novelty of
Liver-VLM does not lie in proposing a new, complex VLM architecture, but in
demonstrating how a strategically designed yet simple VLM framework can be effectively
tailored and validated for the specific, clinically critical task of FLLs classification.

The main contributions are summarized below:

(1) We propose Liver-VLM, a Vision-Language Model for FLLs classification, which is
specifically trained on a dedicated multi-phase CT FLLs dataset, making it better
suited for the multi-phase CT domain. We focus on clinically problem-driven design
over architectural complexity and position Liver-VLM as a strong, reproducible, and
clinically interpretable baseline model for liver lesion diagnosis.

(2) We design a self-supervised pre-training strategy tailored for Liver-VLM by
integrating the phase shuffle prediction task, which was proposed in our previous
work [6]. Our work is the first to integrate this specific three-channel phase-shuffle
pretext task directly into a VLM training pipeline for medical imaging. Previous
works used it for pre-training a visual-only model. We demonstrate that this task,
which is inherently aligned with the multi-phase nature of Live CT, is highly effective
not only for learning visual representations but for aligning those representations
with clinical language, thereby enhancing the final VLM’s discriminative power.

(3) We design tailored enriched textual prompts to stabilize optimization and enable
robust classification even with limited labeled data. We also propose a data
augmentation technique based on phase shuffle, which expands the training dataset
by generating all six possible permutations of the CT phase order. This method
enhances data diversity and improves the model’s robustness to variations in phase
presentation.

Preliminary work was accepted as a conference paper at the 2025 International
Conference on Innovation in Medicine and Healthcare and has also been presented on
arXiv [12]. This paper involves methodological and experimental extensions and
validations beyond the initial work. Specifically, we design a self-supervised pre-training
strategy tailored for Liver-VLM by introducing a phase-shuffle prediction task
(contribution 2) and propose a data augmentation technique based on phase shuffle
(contribution 3). Both contributions lead to significant improvements in classification
accuracy.

This paper is structured as follows: Section 2 provides a brief overview of related
work. In Section 3, we present a detailed description of the proposed approach. The
experimental setup and results are presented in Section 4, and the conclusions are
presented in the final section.

2. Related Work
2.1. CLIP

CLIP [8] is a model introduced by OpenAl that leverages contrastive learning to align
images and texts in a shared embedding space. The architecture of CLIP consists of an
image encoder (typically using ResNet50 [13] or ViT [14]) and a text encoder (usually
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based on the Transformer structure [15-17]). Given a batch of N (image, text) pairs, CLIP
is trained to predict which of the N x N possible (image, text) pairings are the correct
matches. During training, CLIP aims to maximize the cosine similarity between
embeddings of the N positive image-text pairs, while reducing the similarity among the
N? — N negative pairs through contrastive learning. Specifically, the model optimizes a
symmetric InfoNCE loss, encouraging the embeddings of matched image-text pairs to be
close in the multimodal space while pushing apart the mismatched pairs. It is trained on
large-scale image-text pairs to learn a universal cross-modal representation, thereby
minimizing reliance on task-specific data and enabling rapid adaptation to diverse tasks
without requiring labeled data. This representation also enables the model to perform
various vision tasks, such as image classification, retrieval, and generation. Despite its
strengths, CLIP’s performance on medical image classification remains suboptimal due to
the domain gap between natural and medical images.

2.2. MedCLIP

MedCLIP [9] is a contrastive vision-language pretraining framework specifically
designed for the medical domain. Its core innovation lies in constructing a semantic
similarity matrix based on medical knowledge graphs (such as UMLS [18]), which
encodes soft relational labels among diseases, symptoms, and findings. During training,
MedCLIP aligns the predicted image—text similarity distribution with this semantic matrix
via a cross-entropy (CE) loss, thereby encouraging the model to capture clinically
meaningful cross-modal relationships. To process grayscale medical images, MedCLIP
replicates single-channel inputs into pseudo-RGB format, ensuring compatibility with
standard backbones such as Vision Transformer (ViT) and ResNet50 pretrained on
ImageNet. On the textual side, Bio_ClinicalBERT [17] or similar domain-adapted models
are used to enhance understanding of medical terminology and report semantics.

While this design effectively transfers CLIP’s contrastive paradigm into the medical
domain, it introduces additional supervision through a semantic similarity matrix,
leading to higher computational cost and more complex optimization.

3. Method
3.1. Overview of the Proposed Method

In contrast to large-scale CLIP-style models trained on massive image-text pairs and
other attention-heavy or adapter-based VLMs, we propose Liver-VLM, a lightweight and
domain-specific framework tailored for multi-phase CT liver analysis. By leveraging
pretrained representations, the model minimizes architectural overhead and supports
efficient fine-tuning on limited medical data. The overview of Liver-VLM is shown in
Figure 2. Similarly to CLIP or other VLMs, the model consists of a ResNet-18 image
encoder and a pre-trained BERT-Base uncased [19] text encoder, where only BERT’s
lightweight multi-head attention is used on the textual side without explicit visual
attention.

In our preliminary work [12], we demonstrated that initializing the image encoder
with ImageNet pretraining improved classification performance. To further enhance
accuracy and robustness, we propose a self-supervised pretraining strategy tailored for
Liver-VLM, which introduces a phase shuffle prediction task (Figure 2a). This task
requires the model to predict the correct order of shuffled CT phases, enabling the encoder
to learn phase-aware temporal representations across NC, ART, and PV phases.
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Figure 2. Overview of Liver-VLM, (a) Pre-training (b) Fine-tuning (c) Inference. (CYST: Cyst; FNH:
Focal Nodular Hyperplasia; HCC: Hepatocellular Carcinoma; HEM: Hemangioma; PV: Portal
Venous; ART: Arterial; NC: Non-Contrast).

During target training (fine-tuning), as illustrated in Figure 2b, cosine similarity is
computed between image features and class-specific text embeddings, and a CE loss is
applied to maximize similarity for correct image-text pairs while minimizing it for
incorrect ones, thereby enabling effective multimodal alignment. To further address the
challenge of semantic similarity in CLIP, particularly in scenarios with a limited number
of lesion categories, we design enriched prompts that incorporate complete class names,
imaging phase information, and domain-specific medical terminology. These enriched
prompts enhance the semantic expressiveness of the text input and improve the model’s
ability to align visual and textual representations. Furthermore, a phase-shuffling-based
data augmentation strategy is introduced to increase data diversity and strengthen model
robustness by generating all six permutations of the CT phase order.

In the inference stage (Figure 2c), a test image (FLL) is classified into the category
with the highest similarity to the corresponding textual description.

3.2. Self-Supervised Pre-Training with Phase Shuffle Prediction Task

Transfer learning allows models to adapt knowledge from one task to another,
accelerating convergence and improving performance with limited annotated data.
However, due to domain differences, ImageNet-pretrained models may be suboptimal for
medical imaging tasks. To address this, SSL pretrains models directly on target-domain
data using pretext tasks, enabling better feature representation without requiring
annotations. The model is then fine-tuned on the target task with limited labeled data.
Building on our prior research, where we demonstrated the effectiveness of phase-shuffle
prediction for capturing meaningful temporal features from multi-phase CT scans [6,7],
we apply this tailored pretext task for SSL in this work. As shown in Figure 2a, the phase
order of multi-phase CT images is randomly shuffled, and the model is tasked with
predicting the correct phase order. For instance, the original phase order is PV, ART, and
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NC, but in Figure 2a, it is shuffled to PV, NC, and ART. Since there are three phases, there
are 3! (i.e., six) possible permutations, leading to a six-class classification problem, with
each class corresponding to a specific phase order (Class 1: PV, ART, NC; Class 2: PV, NC,
ART; Class 3: ART, NC, PV; Class 4: ART, PV, NC; Class 5: NC, ART, PV; Class 6: NC, PV,
ART).

To perform the prediction, the shuffled images of three-phase CT images are treated
as a three-channel input, similar to a color image, and fed into the image encoder (ResNet)
for feature extraction. The input size is 3 x 224 x 224, and the encoder outputs a feature
vector of size 512 x 1. An FC layer denoted as FC,, is then applied to predict the shuffled
phase order with the output layer consisting of six neurons corresponding to the six
possible classes.

The model is trained using the CE loss, a standard loss function for classification
tasks, which measures the discrepancy between the predicted probability distribution and
the true class labels. The CE loss is formally defined in Equation (1):

L&
L==2>" Yiclog 0io) (1)
i=1c=1
where M is the number of samples used for pretraining, and €1 =6 is the number of
possible permutations of the three CT phasea, and y; . is the true label indicating whether
the ith sample belongs to the class c; if it does, then y;. =1, otherwise y;. = 0. p;,
denotes the predicted probability that the ith sample belongs to the class c.

3.3. Target Training (Fine-Tuning)

After the self-supervised pre-training phase, the model is fine-tuned for the target
task of FLLs classification, as illustrated in Figure 2b. The pre-trained weights of the image
encoder (ResNet) are employed for initialization and further optimized with a limited
number of labeled multi-phase CT images. This fine-tuning process effectively transfers
the pre-trained representations to the downstream classification task, thereby improving
accuracy and robustness while mitigating overfitting due to limited annotations. The
visual embeddings extracted by the image encoder are then projected through an FC layer
(FC;) to match the dimensionality of the text embeddings, which allows dot-product
similarity computation between modalities.

To further enhance the semantic correspondence between images and textual labels,
textual prompts are incorporated during fine-tuning. Since short or context-deficient
labels may lead to semantic ambiguity, prompt engineering strategies inspired by CLIP
are adopted. In the original CLIP framework, simple prompts such as “This is a photo of a
dog” were commonly used. To provide richer contextual information in the medical
domain, abbreviated lesion and phase names (e.g., ‘FNH’, "HCC’, ‘'HEM’ ‘PV’, ‘ART’,
‘NC’) are replaced with their corresponding full medical terms (e.g., ‘Focal Nodular
Hyperplasia’, ‘Hepatocellular Carcinoma’, ‘Hemangioma’, ‘Portal Venous’, ‘Arterial’,
‘Non-Contrast’). Accordingly, a more informative prompt is designed as follows: “This is
a multi-phase computerized tomography (CT) image of one or more liver tumors {class namej,
where the phase order of this image is arterial phase, portal venous phase, non-contrast phase.”

The designed prompts are encoded using a BERT-based uncased text encoder to
obtain text embeddings. To mitigate overfitting caused by limited annotations in medical
datasets, the text encoder is kept frozen during training, and only the FC layer is appended
to BERT (FCr) is updated.

By aligning the projected image and text embeddings in a shared latent space, the
model learns to associate visual patterns with their corresponding semantic descriptions,
thereby improving its ability to discriminate between different lesion categories.
Considering the small dataset size, limited number of lesion classes, and subtle inter-class
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semantic variations, a standard CE loss is adopted instead of the symmetric contrastive
loss employed in the original CLIP framework. The CE loss is defined as shown in

Equation (2):
N c
1

L==23" yiclog (s:0) @

i=1c=1

Il'.TC

. =i 3
te = LT ©)

where N is the number of samples used for target training (fine-tuning), and C = 4 is
the number of possible categories of FLLs, and y; . is the true label indicating whether
the ith sample belongs to the class c; if it does, then y;, =1, otherwise y;. = 0. s;,
denotes the predicted similarity between the ith sample and the textual description of the
cth category, calculated using Equation (3). Iiand Tc denote the feature vectors of the ith
image and the cth textual description, extracted by ResNet18 and BERT, respectively.
[I]] and ||T.|]] denote the L2 norms of Iiand Tec.

After fine-tuning, the encoder is kept frozen during inference to maintain consistent
and stable feature extraction, as shown in Figure 2c.

3.4. Data Augmentation Based on Phase Shuffle

Building upon the enriched textual prompts with imaging phase information
described in Section 3.3, we propose a data augmentation strategy based on phase
shuffling. This approach aims to increase data diversity and enhance model robustness by
generating all possible permutations of the CT phase order. Specifically, for three imaging
phases, there are 3! = 6 possible permutations, resulting in six augmented versions of each
original image. As shown in Figure 3, each augmented image is paired with a textual
prompt that reflects the corresponding phase sequence. The six permutations are as
follows: Data 1 (original): NC, ART, PV; Data 2: NC, PV, ART; Data 3: PV, ART, NC; Data
4: PV, NC, ART; Data 5: ART, NC, PV; Data 6: ART, PV, NC.

Each augmented sample preserves the image content while varying the phase order
in the associated prompt. This design allows the model to learn phase-invariant
representations, thereby improving generalization across different CT phase-sequences.

Image Encoder Text Encoder

Channel 1 Channel 2 Channel 3 Phase order
in Prompt

Original . & | >" {NC, ART, PV}
. ¢ & {NC, PV, ART}
¢ PV, ART, NC

Data i | | . { }

augmentation - ¢ . i {PV, NC, ART}
i . . {ART.NC, PV}
) ¢ . {ART, PV, NC}

Figure 3. Data augmentation strategies and corresponding prompt pairs.

4. Experimental Results
4.1. Dataset and Implementations

We assess the performance of the proposed Liver-VLM using an internally curated
Multi-Phase CT dataset of Focal Liver Lesions (MPCT-FLLs) [20]. The dataset comprises
four lesion types: Cyst, FNH, HCC, and HEM, collected from Sir Run Run Shaw Hospital,
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affiliated with Zhejiang University, during the period of 2015 to 2017. In total, 85 multi-
phase CT volumes were collected, from which 489 representative 2D slice images centered
on the lesion regions were manually selected. The slice thickness is 5 or 7 mm, and the in-
plane resolution of 0.57-0.59 mm. Each axial 2D slice has a spatial resolution of 512 x 512
pixels and includes three distinct contrast phases: NC, ART, and PV. The regions of
interest (ROIs) corresponding to the lesions were delineated by experienced radiologists.
For model training and inference, the extracted 2D ROIs were resized to 224 x 224 pixels.
The three-phase 2D CT images were then organized into three-channel composite inputs,
resulting in input tensors with dimensions of 3 x 224 x 224. Table 1 presents the data
distribution across five groups used for five-fold cross-validation in model evaluation. In
each fold, one group served as the test set, while the remaining four were used for
training. Accuracy and the Area Under the Receiver Operating Characteristic Curve
(AUC-ROC) were adopted as the evaluation metrics. The final performance metrics were
obtained by averaging the results across all five folds.

For fine-tuning, we train our network for 200 epochs with a batch size of 32, using
the Adam [21] optimizer and a learning rate of 0.0005. The training setup is summarized
in Table 2.

Table 1. Dataset distribution for five-fold cross-validation.

CYST FNH HCC HEM Total

Gl: case 5 4 4 4 17
slice 29 15 30 21 95
G2: case 6 3 4 4 17
slice 31 17 29 33 110
G3: case 6 3 4 4 17
slice 37 7 36 17 97
G4: case 6 3 4 4 17
slice 24 17 35 19 95
G5:  case 7 3 3 4 17
slice 28 20 32 12 92
Total: case 30 16 19 20 85
slice 149 76 162 102 489

Table 2. Computation environment.

NVIDIA RTX A6000 (NVIDIA, Santa Clara, CA,

GPU USA)

CPU Intel(R) Core(TM) i9-10980XE @ 3.00 GHz (Intel,
Santa Clara, CA, USA)

(OF Ubuntu 20.04.5 LTS

Deep Learning Framework Pytorch 2.1.1

4.2. Results

4.2.1. Ablation Studies

Ablation experiments were conducted on the MPCT-FLLs dataset to evaluate the
effectiveness of each component in the proposed model. Model performance was assessed
under the same evaluation protocol described in Section 4.1.

Table 3 presents the ablation results comparing different pre-training strategies.
When the original CLIP model is directly applied to our dataset in a zero-shot setting
using a single medical prompt, it achieves an average accuracy of 20.54 + 5.61% and an
AUC of 0.43 + 0.09, indicating suboptimal performance. Using an ensemble of 16 medical
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prompts, as per standard practice, CLIP achieves an average accuracy of 18.74 + 2.87%
and an AUC of 0.42 + 0.07. This slight degradation suggests that simply aggregating
multiple generic medical prompts cannot effectively mitigate the domain shift between
natural-image pretraining and multi-phase CT imaging. In contrast, all three variants of
the proposed Liver-VLM framework, trained on the MPCT-FLLs dataset, demonstrate
substantial improvements in classification performance. Training the model from scratch
yields an accuracy of 81.15 + 7.36% and an AUC of 0.92 + 0.04. When using ImageNet pre-
training for the ResNet18 image encoder, accuracy and AUC improve to 83.35 +4.81% and
0.92 +0.03, respectively. With the proposed self-supervised pre-training strategy, in which
the image encoder is trained from scratch using only self-supervised learning without any
ImageNet initialization, the model further achieves an accuracy of 85.09 + 3.89% and an
AUC of 0.92 +0.03. These results clearly demonstrate the effectiveness of pre-training the
image encoder, particularly with the proposed self-supervised learning method.

Table 3. Ablation results comparing different pre-training strategies.

Model Avg. Acc (%) AUC
CLII? (zero-sho.t inference) [8] 20.54 + 5.61 043 £ 0.09
single medical prompt
CLIP (zero-shot mference) [8] 18.74 42 87 042 +0.07
ensemble of 16 medical prompts
Live-VLM (from scratch) [12] 81.15+7.36 0.92+0.04
Live-VLM (ImageNet) [12] 83.35+4.81 0.92 +0.03
Liver-VLM (Self-Supervised) 85.09 + 3.89 0.92 +0.03

Bold indicates the highest values.

To rule out the possibility that the performance gain stems solely from an increased
number of pre-training samples, we performed a control experiment using SimSiam [22]
with the same total optimization steps as our phase-shuffle SSL. The results are
summarized in Table 4. As shown, when both encoders were fine-tuned under identical
VLM settings, our phase-shuffle model achieved an accuracy of 85.09 + 3.89%, compared
to 80.19 + 5.16% for SimSiam. This confirms that the performance improvement originates
from the phase-order signal rather than additional optimization steps. The comparable
AUC:s (both around 0.92 + 0.03) indicate similar overall discriminative capability, whereas
the higher accuracy of the phase-shuffle model reflects more consistent decision
boundaries, suggesting better phase-aware feature alignment learned during SSL.

Table 4. Control experiment of self-supervised Liver-VLM under the proposed prompt.

Model

CYST FNH HCC HEM Avg. Acc (%) AUC

Liver-VLM (pre-train using
SimSiam SSL)

96.50 £5.54 92.79+6.04 71.05+11.23 58.46+20.96 80.19+516 0.92+0.03

Liver-VLM (proposed method)
(pre-train using phase shuffle 95.79+3.54 87.60+9.54 80.99 +10.67 68.54+24.83 85.09+3.89 0.92+0.03

SSL)

Bold indicates the highest values.

To further assess the competitiveness of the ResNet18 [13] image encoder used in our
Liver-VLM, we additionally compared it with several recent hybrid architectures,
including Video-Swin Transformer [23], ConvNeXt-Tiny [24], and EfficientNet-V2-S [25],
which have shown strong performance in natural and medical image analysis. As shown
in Table 5, the proposed ResNet-18 model achieved 85.09 + 3.89 % accuracy and 0.92 + 0.03
AUC, which is comparable to or even slightly higher than EfficientNet-V2-S (84.52 + 2.39
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%, 0.93 £ 0.03) and clearly surpasses ConvNeXt-Tiny (70.26 + 9.35 %, 0.87 + 0.04) and
Video-Swin (62.81 + 14.42 %, 0.82 + 0.08). These results confirm that despite its lightweight
nature, the ResNet-18 backbone remains highly competitive for multi-phase CT liver
lesion classification.

Table 5. Ablation results comparing the Image Encoder of the self-supervised Liver-VLM under the
proposed prompt.

Image Encoder

CYST FNH HCC HEM Avg. Acc (%) AUC

Liver-VLM (Video_Swin)

97.09+270 57.63+39.40 47.95+25.09 32.94+2212 62.81+14.42 0.82£0.08

Live-VLM (ConvNeXt)

9648 +3.94 7513 +27.52 5723 +20.64 40.36+33.83 70.26 +9.35 0.87 +0.04

Liver-VLM(EfficientNet)

97.86+4.28 80.69+21.75 84.44+13.85 57.52+23.24  84.52+2.39 0.93 +0.03

Liver-VLM (ResNet18)

95.79+3.54 87.60+9.54 80.99+10.67 68.54+24.83  85.09 +3.89 0.92+0.03

Bold indicates the highest values.

To further evaluate the robustness of the proposed Liver-VLM under realistic
conditions, we tested its performance on a misregistered dataset in which the three CT
phases are inherently misaligned due to liver motion and variations in z-position. As
shown in Table 6, the model achieved an accuracy of 84.98 + 5.66% and an AUC of 0.91 =
0.04, which are comparable to the results on the perfectly aligned dataset (85.09 + 3.89%,
0.92 + 0.03). This indicates that the model remains stable and effective even when phase
alignment is imperfect, highlighting its robustness and potential applicability in real
clinical settings.

Table 6. Ablation study of Liver-VLM on aligned versus naturally misregistered ROIs under the
proposed prompt.

Model

CYST FNH HCC HEM Avg. Acc (%) AUC

Liver-VLM (Self-Supervised)

(misregistered)

94.81 +4.41 72.39+12.25 90.66 = 6.59 67.88 +25.77 84.98 +5.66 0.91+£0.04

Liver-VLM (Self-Supervised) 95.79 +3.54 87.60 +9.54 80.99 + 10.67 68.54 +24.83 85.09 * 3.89 0.92 +0.03

Bold indicates the highest values.

Table 7 presents the ablation results evaluating the impact of our enriched prompt
and data augmentation. Under the proposed self-supervised Liver-VLM configuration,
we conducted three experiments: (1) Model 0: using a simple CLIP-style text prompt (i.e.,
“A CT scan of tumors {class name}l.”); (2) Model 1: using our enriched text prompt as
described in Section 3.3; (3) Model 2: applying data augmentation based on phase
shuffling (the proposed method). As shown in Table 7, when using the simple CLIP-style
prompt (Model 0), the model achieves an average accuracy of 82.46 + 7.34% and an AUC
of 0.93 + 0.03. With the enriched text prompt (Model 1), performance improves to 85.09 =
3.89% accuracy and an AUC of 0.92 +0.03. When data augmentation is also applied (Model
2), the model further improves, achieving 85.63 + 3.18% accuracy and an AUC of 0.94 +
0.01. These results clearly demonstrate the effectiveness of both the enriched text prompt
and the proposed data augmentation technique.

Table 7. Ablation of enriched prompt and data augmentation.

Model

CYST FNH HCC HEM Avg. Acc (%) AUC

Model 0
Liver-VLM (CLIP Prompt)

9297 +8.27 85.96+4.51 73.7+558 64.95+11.12 82.46+7.34 0.93£0.03

Model 1

95.79+3.54 87.60+9.54 80.99 +10.67 68.54 +24.83 85.09 + 3.89 0.92+0.03
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Liver-VLM (Proposed

Prompt)

Model 2 (proposed method)

Liver-VLM (Proposed 98.03 +2.79 83.22+21.07 83.45+15.7 72.74+10.51 85.63 +3.18 0.94 + 0.01

prompt +
Data Augmentation)

Bold indicates the highest values.

To assess the effect of data augmentation in the proposed self-supervised Liver-VLM
with the proposed prompt, fold-level paired t-tests [26], and sample-level DeLong tests
[27] were performed. Model 1 (without augmentation) yielded significantly higher AUCs
for the CYST (p_t = 0.0008, p_DeLong = 0) and FNH (p_t = 0.038, p_DeLong = 0.011)
classes, whereas Model 2 (with augmentation) achieved superior performance for HCC
(p_t < 0.001, p_DeLong = 0.017) and slightly better results for HEM (p_t < 0.001,
p_DeLong = 0.06). These findings suggest that the proposed augmentation enhances
discrimination of malignant lesions (HCC) but may not provide consistent benefits for
benign lesion classification.

To investigate whether the observed performance gains from phase-shuffle
augmentation are specific to cross-modal learning, we trained a CNN-only classifier
(ResNet18 + FC) using the augmented dataset. As shown in Table 8, the CNN-only
classifier achieved 80.1 + 3.58% accuracy and 0.93 + 0.02 AUC, which are notably lower
than the Liver-VLM using the same augmented data with enriched prompts (85.63 +3.18%
accuracy, 0.94 = 0.01 AUC). This confirms that phase-shuffle augmentation primarily
benefits cross-modal alignment in the VLM setting, rather than providing significant
improvements for single-modality image classification.

Table 8. Comparison of Liver-VLM and CNN-only classifier performance with phase-shuffle

augmentation.
Model CYST FNH HCC HEM  Avg. Acc (%) AUC
Data augmentation with g0 1o\ 1 97 7735 1 1346 83.0447.90 48.60+1593 80.1+3.58 0.93 +0.02
FC layer
Liver-VLM (proposed
method) 98.03+2.79 83.22+21.07 83.45+15.7 72.74+10.51 85.63+3.18 0.94 + 0.01

(Proposed prompt +
Data Augmentation)

Bold indicates the highest values.

To verify whether the regions attended by the model correspond to clinically relevant
lesion features, we applied Grad-CAM [28] to all four lesion types using a consistent color
scale (cool colors indicate low contribution, warm colors indicate high contribution), as
shown in Figure 4. The network consistently focuses on lesion margins and internal
heterogeneity rather than the overall liver shape or surrounding vessels. Specifically,
CYST shows a continuous ring of high response along the cyst wall with suppressed signal
in the cavity; FNH peaks at the central scar and radiating strands; HCC highlights
irregular peripheral rings and heterogeneous internal patches; HEM exhibits high
peripheral nodules with centripetal filling. These patterns provide both intra-class
interpretability and clear inter-class distinctions, confirming that Liver-VLM captures
clinically relevant lesion features.
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multi-
phase
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Figure 4. Grad-CAM visualization of Liver-VLM attention on four liver lesion types. Red denotes

notes.

The image encoder, pretrained with Phase Shuffle SSL, is fine-tuned alongside the
VLM during 4-class training using cross-entropy loss between image-text similarity and
ground-truth labels. Long-text prompts and data augmentation are applied to improve
robustness. Figure 5 presents pseudo-code illustrating the overall training and fine-tuning
workflow.

# I_enc, T_enc: image and text encoders
# t: temperature parameter

# Augment(-): data augmentation
# CrossEntropylLoss(-): classification loss

for k=1, .., K do # training epochs
I_aug = Augment(X_T) # apply data augmentation
I_feat = I_enc(I_aug) # extract image features
T_feat = T_enc(T) # extract text features
logits = I_feat - T_feat™ x exp(t) # compute similarity logits
L = CrossEntropylLoss(logits, y_T) # compute loss
update(I_enc, T_enc, L) # update model parameters

end for

# inference

C_feat = T_enc(T_cls) # encode class text prompts
for each image X_E in test set do
I_feat = I_enc(X_E) # extract image features
sims = I_feat - C_feat™ x exp(t) # compute similarities
probs = softmax(sims) # obtain class probabilities
pred = argmax(probs) # predicted label
end for
return pred # model prediction

Figure 5. Pseudo-code of the proposed self-supervised Liver-VLM.

4.2.2. Comparison with Other Models

We also compared the proposed method with several existing approaches, including
zero-shot learning methods such as CLIP [8], MedCLIP [9], as well as our previously
proposed models: Liver-VLM trained from scratch [12], Liver-VLM with ImageNet
pretraining [12], and SSL using phase shuffle prediction with a traditional FC layer [7].
The comparison results are summarized in Table 9. As shown, applying the zero-shot
learning models (i.e., CLIP and MedCLIP) directly to our dataset yielded relatively poor
performance, with average accuracies of 20.54 * 5.61% and 26.12 + 2.28%, and
corresponding AUCs of 0.43 + 0.09 and 0.48 + 3.45, respectively. In contrast, all models
trained on the MPCT-FLL dataset significantly outperformed the zero-shot methods. In
our prior work, we observed that ResNetl8 yielded better performance compared to
ResNet50, which was used in CLIP and MedCLIP. Among all evaluated methods, the
proposed self-supervised Liver-VLM achieved the highest performance, with an accuracy
of 85.63 + 3.18% and an AUC of 0.94 + 0.01.
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Table 9. Comparison with existing approaches.

Model CYST FNH HCC HEM Acc(%)  AUC
CLIP
. . . 100. 2054 +5.61 0.43 +0.09
(Zero-shot inference) [§] 0.00 0.00 0.00 00.00 054 +5.61 0.43+0.0
MedCLIP 31.94 + 3.60 0.00 0.00 15.63+558 26.12+2.28 0.48 +3.45
(Zero-shot inference) [9]
Liver-VLM ResNet50  9650+554 90.79+7.06 7649 +13.52 39.08+22.72 77.64+7.83 0.89 = 0.04
(from scratch) [12] ~ ResNetl8  97.32+4.14 90.44+895 76.02+1646 55.14+28.83 81.15+7.36 0.92 +0.04
Liver-VLM ResNet50  9594+4.17 68.01+30.87 78.11+13.55 76.30+16.96 83.05+4.44 0.93 +0.02
(ImageNet) [12]  ResNetl8  9594+417 737242515 7644+12.60 70.41:1690 8335481 0.92+0.03
Phase shuffle prediction witha = g0 o 1 15 962041207 82904584 637241268 84.82+1.99 0.93 0.02
traditional FC layer [7]
Liver-VLM (ResNet18) 98.03+279 8322+21.07 83.45+15.7 72.74+1051 85.63+3.18 0.94 +0.01

(proposed)

Bold indicates the highest values.

5. Conclusions

In this study, we proposed Liver-VLM, an enhanced vision-language framework
tailored for the classification of focal liver lesions in multi-phase CT images. Liver-VLM
integrates a self-supervised pretraining strategy and task-specific data augmentation to
better address the challenges of limited annotations and domain discrepancies in medical
imaging. By adopting CE loss and enriched text prompts, the model achieves more stable
training and enhanced alignment between CT images and clinical descriptions. Extensive
experiments on an in-house MPCT-FLL dataset demonstrate the superiority of Liver-VLM
over existing VLMs, with notable improvements in both accuracy and AUC. These results
validate the effectiveness of combining self-supervised learning and augmentation in
improving model generalizability for medical image understanding.

Our phase-shuffle data augmentation is designed for standard triphasic CT (arterial,
portal venous, delayed), where the three phases can be permuted to generate diverse
training samples. In clinical practice, however, CT protocols may vary: some scans include
additional delayed or dual-arterial phases, while others may omit certain standard
phases. Such variable-length multi-phase series can be accommodated by shuffling the
available phases or subsequences, and the prompt template can be dynamically adapted
to reflect the actual phase order (e.g., “A CT scan with phases {phasel}, {phase2}, ... of
tumor {class}”). This flexibility allows phase-shuffle augmentation to generalize beyond
standard triphasic protocols, although developing self-supervised methods applicable to
all medical images remains a future direction.

Compared with traditional liver lesion classification methods (Table 9, reference [7]),
Liver-VLM achieves a notable improvement in both accuracy and AUC, demonstrating
its potential to provide more reliable decision support in clinical workflows. By leveraging
multi-phase CT data and class-specific textual prompts, the proposed framework can
assist radiologists in improving diagnostic consistency, reducing manual annotation
effort, and mitigating biases due to limited or heterogeneous datasets.

Nevertheless, the model may fail in cases with very small lesions, low contrast
between the lesion and liver parenchyma, or non-standard scanning protocols, which
highlights the importance of careful clinical validation and further model refinement.

In the future, we plan to collect data from other institutions to serve as an external
test cohort for further validation of the model’s generalizability.
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