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Abstract

Pathological complete response (pCR) after neoadjuvant therapy is an important indicator of treatment
response and prognosis in breast cancer. Multi-modal breast MRI provides complementary information
for pCR prediction, but existing methods often assume complete modality availability and do not
fully exploit the complementary value of radiomics and deep features. To address these limitations,
we propose a radiomics-guided multi-modal learning framework for pCR prediction from breast
MRI under incomplete modality settings. The model employs a multi-branch 2.5D encoder to extract
modality-specific features, a radiomics-guided gating module to enhance deep representations with
handcrafted priors, and a masked fusion strategy to adaptively integrate available modalities while
excluding missing ones. Experiments on the I-SPY1 Trial dataset show that the proposed method
achieves promising performance and maintains robustness under incomplete modality settings. These
results suggest that the proposed framework can effectively integrate multi-modal MRI and radiomics
information for pCR prediction and shows potential under incomplete modality settings.

Keywords: breast cancer; pCR prediction; multi-modal fusion; radiomics; incomplete modalities

1. Introduction

Breast cancer remains one of the most common malignancies among women worldwide and
continues to pose a major challenge to global health. Neoadjuvant therapy (NAT) has become an
important treatment strategy for patients with locally advanced or biologically aggressive breast cancer,
as it can reduce tumor burden before surgery and provide an opportunity for early assessment of
treatment response [1]. Among the available response indicators, pathological complete response
(pCR) is widely recognized as a clinically meaningful endpoint because it is associated with improved
long-term outcomes in specific breast cancer subtypes [2]. Therefore, accurate preoperative prediction
of pCR is of substantial clinical value for treatment planning, response monitoring, and individualized
therapeutic decision-making.

MRI plays a central role in breast cancer diagnosis and treatment evaluation owing to its superior
soft-tissue contrast and multi-parametric imaging capability. In particular, breast MRI has shown
considerable value in assessing residual disease and pathological response after NAT [3]. Multi-
modal breast MRI, including dynamic contrast-enhanced (DCE) MRI, T1-weighted imaging, and
T2-weighted imaging, provides complementary information regarding tumor morphology, vascularity,
internal heterogeneity, and surrounding tissue characteristics. Benefiting from these rich imaging
representations, recent studies have increasingly explored quantitative imaging analysis methods for
treatment response prediction from breast MRI and have reported encouraging results [4-8].

In parallel with the development of quantitative imaging analysis, radiomics has emerged as
an important imaging biomarker paradigm. By extracting handcrafted descriptors of lesion shape,
intensity distribution, and texture heterogeneity, radiomics can provide complementary and relatively
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interpretable information beyond visual assessment [9-11]. Several studies have shown that radiomics-
based or radiomics-assisted models can achieve promising performance in breast cancer response
prediction [6-8]. These advances suggest that handcrafted quantitative descriptors and data-driven
representation learning may offer complementary strengths for building more effective predictive
models.

Despite recent progress, two limitations remain. First, many multi-modal methods assume that all
MRI modalities are available during both training and inference. This assumption is often unrealistic
in clinical practice, where incomplete MRI examinations are common. As a result, these models
may show limited robustness and reduced clinical applicability when some modalities are missing.
Second, although radiomics features provide quantitative and clinically meaningful priors, many
studies simply concatenate them with deep features. This strategy does not explicitly model how
radiomics can guide deep feature learning and thus may not fully exploit the complementarity between
handcrafted and deep representations.

To address these issues, we propose a radiomics-guided multi-modal learning framework for
pathological complete response prediction from breast MRI under incomplete modality settings. The
framework uses a multi-branch 2.5D encoder to extract modality-specific features from DCE, T1-
weighted, and T2-weighted images. A radiomics-guided gating module is introduced to recalibrate
deep features using handcrafted radiomic priors. In addition, a masked fusion strategy is designed to
aggregate only the available modalities, thereby improving robustness to missing inputs. The main
contributions of this study are summarized as follows:

*  We propose a radiomics-guided multi-modal learning framework for pCR prediction from breast
MRI, which jointly exploits deep imaging features and handcrafted radiomics information.

*  We develop a radiomics-guided feature modulation mechanism that enables clinically relevant
radiomics priors to enhance modality-specific deep representations.

*  We design a masked fusion strategy for incomplete modality settings, which enables the model
to aggregate available modality information in a flexible manner and enhances its adaptability
when one or more modalities are missing.

Experiments on the I-SPY1 Trial dataset show that the proposed method achieves competitive
predictive performance and yields encouraging results under different modality availability settings.

2. Methodology
2.1. Overview

The overall framework of RGM-Net is illustrated in Figure 1. The proposed model is designed for
pathological complete response prediction from multi-modal breast MRI under incomplete modality
settings. Let x = {X(™)}, m € [1,2,3] denote the set of available MRI modalities, where X" is
the input image of the m-th modality. In this study, the considered modalities include DCE MRI,
T1-weighted imaging, and T2-weighted imaging. In addition, a radiomics feature vector R is extracted
from the lesion region to provide complementary handcrafted information.
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Figure 1. Overall framework of the proposed RGM-Net.

The framework consists of three main components: a multi-branch 2.5D feature encoder, a
radiomics-guided gating (RGG) module, and a masked token fusion (MTF) module. First, each
modality is processed by an independent branch to extract modality-specific deep features. Next,
the RGG module transforms the radiomics features into channel-wise weights to recalibrate the deep
representations. Finally, the MTF module performs modality-aware fusion using only the available
modality tokens, thereby preventing missing modalities from interfering with feature aggregation.
The fused representation is then fed into the prediction head for pCR classification.

2.2. Multi-Branch Feature Encoding

Multi-modal breast MRI contains heterogeneous yet complementary information across different
imaging sequences. To preserve modality-specific characteristics, each modality is processed by a
dedicated branch with the same network architecture but independent parameters. A 2.5D ConvNeXt
backbone is adopted as the feature extractor for each branch.

For the m-th modality, five adjacent slices centered on the lesion are stacked along the channel
dimension to form a 2.5D input. This design provides richer contextual information than single-slice
2D analysis while avoiding the high computational cost and data demand of full 3D convolution.
Given the input X(") € REXH*W the encoded deep feature map F(™) is obtained as

plm) _ p(m) (X(m)>, (1)

where E(")(-) denotes the ConvNeXt encoder corresponding to the m-th modality. By using separate
encoding branches, the model can learn modality-specific representations tailored to the imaging
characteristics of DCE, T1-weighted, and T2-weighted MRI, thereby providing a stronger basis for
subsequent cross-modal fusion.

2.3. Radiomics-Guided Gating

Although deep convolutional features can capture hierarchical semantic representations, they
may not explicitly preserve clinically meaningful quantitative characteristics. Radiomics features, in
contrast, provide handcrafted descriptors of lesion morphology, intensity distribution, and textural
heterogeneity, which offer complementary and relatively interpretable prior information. To better
integrate such prior knowledge into deep representation learning, we introduce a RGG module.
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Given the radiomics feature vector R, a multi-layer perceptron (MLP) is used to project it into a
channel-wise gating vector:
G = o(MLP(R)), 2)

where G denotes the learned gating weights and ¢(-) denotes the sigmoid function. The output values
are constrained to [0, 1], enabling the model to adaptively control the importance of different feature
channels. The gating vector is then applied to the encoded deep feature map through channel-wise
scaling:

F" = GoFm™, (3)

where @ denotes element-wise multiplication, and F(") is the radiomics-modulated feature map of the
m-th modality.

In this manner, the radiomics-guided gating module serves as an explicit bridge between hand-
crafted clinical priors and latent deep representations. Rather than simply concatenating radiomics
and deep features, the proposed strategy uses radiomics information to recalibrate feature responses
in a targeted channel-wise manner, thereby emphasizing clinically relevant patterns and suppressing
less informative feature channels.

2.4. Masked Token Fusion

To address incomplete modality settings, a masked token fusion strategy is introduced. For each
modality m, the radiomics-modulated feature map F0m) s first globally pooled and then projected by a
linear layer into a modality token T(") ¢ R1%5:

T = P (?(m>), @)

where P(-) denotes the projection function composed of global average pooling and a linear layer. A
learnable [CLS] token is prepended to the token sequence for global representation aggregation. A
modality mask M(") € {0,1} is defined to indicate whether modality m is available. Based on the
projected tokens and modality mask, feature fusion is performed through mask-aware attention:

T = Attention(T(l), T, 70, M). )

In the attention computation, the mask assigns a value of —oo to the logits associated with missing
modalities (M("™) = 0). After the softmax operation, these positions receive zero attention weights.
Therefore, unavailable modalities do not contribute to feature aggregation. In this way, the [CLS] token
only integrates information from available modality tokens.

The fused global representation is then passed through a Layer Normalization layer and a linear
classifier to produce the final pCR prediction. This design enables adaptive fusion under incomplete
inputs, avoids the need for data imputation, and improves robustness in real-world clinical settings.

2.5. Loss Function

The model is trained using cross-entropy loss and focal loss. Cross-entropy loss provides standard
supervision, while focal loss emphasizes hard samples and reduces the influence of class imbalance.
The losses are defined as

Lee = —[ylog(p) + (1 —y)log(1 —p)], (6)
Lfocal = _a(l - Pt)vlog(Pt)r (7)

where y is the ground-truth label, p is the predicted probability for the positive class, and p; = p for
positive samples and p; = 1 — p for negative samples. « and -y denote the weighting and focusing
parameters, respectively. The total loss is

L=Le+ Lfocal' (8)
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3. Experiments and Results
3.1. Data Acquisition and Preprocessing

The proposed model was evaluated on the I-SPY1 Trial dataset, which included 157 patients,
comprising 43 pCR cases and 114 non-pCR cases. All data splits were performed at the patient level to
avoid information leakage. The dataset was divided into training, validation, and test sets at a ratio of
7:2:1.

A 2.5D training strategy was adopted to capture inter-slice contextual information while main-
taining computational efficiency. For each patient, the central lesion slice and its four adjacent slices
were stacked to form a five-channel input, and all images were resized to 224 x 224 pixels. To simulate
incomplete modality settings during training, the T1-weighted and T2-weighted modalities were
each randomly masked with a probability of 0.5, while the DCE modality was always retained. In
addition, 107 radiomic features were extracted using the PyRadiomics library. The lesion ROI was
determined according to the tumor region in the DCE modality provided in the original dataset and
was used for radiomics feature extraction only, without involving pathological outcome labels during
preprocessing.

3.2. Implementation Details

The proposed framework was implemented in PyTorch. ConvNeXt was used as the backbone for
each modality-specific branch. The model was optimized using the AdamW optimizer with an initial
learning rate of 1 x 10~* and a weight decay of 0.05. A cosine annealing scheduler was employed to
adjust the learning rate during training. The model was trained for 400 epochs with a batch size of 32.
To improve generalization, data augmentation methods, including horizontal flipping and random
rotation, were applied during training. All experiments were conducted on an NVIDIA A6000 GPU.

3.3. Evaluation Metrics

The classification performance was assessed using accuracy, sensitivity, specificity, precision, and
Fl-score. These metrics were calculated as follows:

TP+ TN

Accuracy = TP+ TN+ FP + EN’ )
Sensitivity = TP]—;—iPFN' (10)
Specificity = TI\]Ti—Z:]FP' (11)

Precision = %, (12)
Floscore — 2 X Precision x Sensitivity (13)

Precision + Sensitivity

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives,
respectively.

3.4. Performance and Baseline Comparison

We compared the proposed method with several representative baseline models, including
ResNet [12], ConvNeXt [13], EfficientNetV2 [14], and Vision Transformer (ViT) [15], under single-
modality settings. In addition, the proposed multi-modal framework was evaluated using all available
modalities. The quantitative results are summarized in Table 1.

Among the single-modality settings, DCE consistently showed the best performance across differ-
ent backbones. Specifically, DCE achieved an accuracy of 81.25% under ConvNeXt, EfficientNetV2, and
ViT, outperforming the corresponding T1-weighted and T2-weighted settings. This finding suggests
that DCE-MRI provides the most discriminative information for pCR prediction among the three
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modalities. By contrast, T1-weighted and T2-weighted images yielded relatively lower performance,
indicating that either modality alone may not be sufficient to comprehensively characterize treatment
response.

When all modalities were jointly incorporated, the proposed method achieved the best overall
performance, with an accuracy of 86.25%, a sensitivity of 77.50%, a specificity of 95.00%, a precision of
93.94%, and an Fl-score of 84.93%. The confusion matrices shown in Figure 2 further demonstrate
the classification characteristics of the proposed method. In particular, the high specificity and
precision indicate that the model is effective in identifying non-pCR cases, while the sensitivity
remains competitive for detecting pCR cases.

ResNet ConvNeXt EfficientNetv2

All modality 30

15 12 27 14 H

Figure 2. Confusion matrices of different methods.

DCE

T1

T2

13

Table 1. Comparison of different methods.

Method Modality Acc. Sen. Spe. Pre. F1
DCE 70.00 62.50 77.50 73.53 67.57
ResNet T1 66.25 60.00 72.50 68.57 64.00
T2 68.75 62.50 75.00 71.43 66.67
DCE 81.25 72.50 90.00 87.88 79.45
ConvNeXt T1 73.75 67.50 80.00 77.14 72.00
T2 76.25 70.00 82.50 80.00 74.67
DCE 81.25 72.50 90.00 87.88 79.45
EffNetV2 T1 71.25 65.00 77.50 74.29 69.33
T2 73.75 67.50 80.00 77.14 72.00
DCE 81.25 72.50 90.00 87.88 79.45
ViT T1 68.75 62.50 75.00 71.43 66.67
12 71.25 65.00 77.50 74.29 69.33
OURS All Modalities 86.25 77.50 95.00 93.94 84.93

3.5. Ablation Study

To investigate the contribution of the proposed modules, we conducted an ablation study by
comparing the baseline ConvNeXt model, the multi-modal model without radiomics guidance, and
the full proposed framework. The results are summarized in Table 2.

Compared with the baseline single-modality ConvNeXt model, the multi-modal framework
without radiomics guidance already improved predictive performance, indicating that multi-modal
feature fusion is beneficial for pCR prediction. After further incorporating the radiomics-guided gating
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module, the full model achieved the best results across all evaluation metrics. Specifically, the full
model improved the accuracy from 81.25% to 86.25% and the F1-score from 79.45% to 84.93%.

These results suggest that the proposed framework benefits from both multi-modal fusion and
radiomics-guided feature modulation. The observed improvement supports the hypothesis that
handcrafted radiomics descriptors provide useful complementary priors for refining deep feature

learning.
Table 2. Ablation study of the proposed modules.
Method Modality Acc. Sen. Spe. Pre. F1
DCE 81.25 72.50 90.00 87.88 79.45
ConvNeXt (Base.) T1 73.75 67.50 80.00 77.14 72.00
T2 76.25 70.00 82.50 80.00 74.67
w /o Radiomics Guidance All Modalities 83.75 75.00 92.50 90.91 82.19
OURS All Modalities 86.25 77.50 95.00 93.94 84.93

3.6. Modality Analysis

To further investigate the impact of different modality combinations, we evaluated the proposed
framework under four settings: DCE alone, DCE+T1, DCE+T2, and all modalities. The results are
presented in Table 3.

Among the single- and dual-modality settings, DCE alone already achieved strong performance,
with an accuracy of 82.50% and an F1-score of 81.08%, highlighting its important role in pCR prediction.
Incorporating an additional modality further improved the overall performance, indicating that T1-
weighted and T2-weighted images provide complementary information beyond DCE. Specifically,
DCE+T1 outperformed DCE+T2 in terms of accuracy (85.00% vs. 83.75%), sensitivity (75.00% vs.
72.50%), and F1-score (83.33% vs. 81.69%), while both combinations achieved the same specificity of
95.00%.

When all modalities were jointly used, the proposed framework achieved the best overall perfor-
mance, with an accuracy of 86.25%, a sensitivity of 77.50%, and an F1-score of 84.93%. These results
suggest that integrating multiple MRI modalities can improve predictive performance by leveraging
complementary information from different imaging sequences.

Table 3. Performance under different modality settings.

Modality Acc. Sen. Spe. Pre. F1
DCE 82.50 75.00 90.00 88.24 81.08
DCE+T1 85.00 75.00 95.00 93.75 83.33
DCE+T2 83.75 72.50 95.00 93.55 81.69
All Modalities 86.25 77.50 95.00 93.94 84.93

4. Discussion

This study proposed a radiomics-guided multi-modal learning framework for pathological com-
plete response prediction from breast MRI under incomplete modality settings. The experimental
results showed that the proposed method achieved better overall performance than the baseline
models and remained effective under different modality combinations. These findings support our
hypothesis that deep imaging features and handcrafted radiomics information provide complementary
value for pCR prediction.

An important result of this study is that DCE-MRI consistently achieved the best performance
among the single-modality settings. This observation is consistent with previous studies showing
that DCE-MRI contains rich information on tumor vascularity, morphology, and treatment-related
changes. These characteristics are closely related to treatment response. At the same time, the
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modality analysis showed that adding T1-weighted or T2-weighted imaging further improved the
predictive performance compared with DCE alone. This suggests that different MRI sequences provide
complementary information and that multi-modal fusion can improve tumor characterization.

The ablation study further demonstrated the effectiveness of the proposed radiomics-guided
gating module. Compared with the multi-modal model without radiomics guidance, the full model
achieved better performance across all evaluation metrics. This result indicates that radiomics features
can provide useful prior information for refining deep feature learning. Instead of simply concatenating
radiomics and deep features, the proposed method uses radiomics descriptors to recalibrate deep
feature channels in a targeted manner. This design may help the model emphasize more relevant
patterns and suppress less informative responses.

Another important aspect of the proposed framework is its ability to handle incomplete modality
settings. In real clinical practice, complete multi-modal MRI data are not always available because of
differences in acquisition protocols, motion artifacts, or missing imaging sequences. Many existing
multi-modal methods assume complete inputs during both training and inference. Such an assumption
may limit their clinical applicability. In contrast, the proposed masked token fusion strategy aggregates
only the available modalities and prevents missing inputs from interfering with feature fusion. The
encouraging results under different modality combinations suggest that this strategy improves the
flexibility and robustness of the model.

Several limitations should also be noted. First, the study was conducted on a relatively small
public dataset, which may limit the generalizability of the findings. Second, the simulated incomplete
modality setting may not fully reflect the complexity of missing-data patterns in real clinical scenarios.
Third, although radiomics guidance improved performance, the interpretability of the interaction
between radiomics priors and deep representations still needs further investigation.

Future work can be extended in several directions. First, the proposed framework should be
validated on larger multi-center datasets. Second, more realistic missing-modality learning strategies
may be explored. Third, additional information, such as clinical variables and molecular subtype,
may be incorporated to further improve prediction performance. In addition, improving model
interpretability would be important for future clinical application.

Overall, the results suggest that radiomics-guided multi-modal learning is a promising strategy
for breast MRI-based pCR prediction. By combining multi-modal imaging information, handcrafted
radiomics priors, and incomplete-modality modeling, the proposed framework provides an effective
solution for treatment response prediction in breast cancer.

5. Conclusions

This study proposed a radiomics-guided multi-modal learning framework for pathological
complete response prediction from breast MRI under incomplete modality settings. By integrat-
ing modality-specific deep features and radiomics information, the proposed method was able to
exploit complementary information from multiple MRI sequences. Experimental results on the I-SPY1
Trial dataset demonstrated encouraging predictive performance. These findings suggest that the pro-
posed framework is a promising approach for pCR prediction and may provide improved flexibility
when dealing with incomplete modality inputs.
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Abbreviations

The following abbreviations are used in this manuscript:
DCE Dynamic Contrast-Enhanced

MRI Magnetic Resonance Imaging

MLP Multi-Layer Perceptron

NAT Neoadjuvant Therapy

non-pCR  Non-Pathological Complete Response

pCR Pathological Complete Response

ROI Region of Interest
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