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Abstract. Early and accurate prediction of pathological complete re-
sponse (pCR) to neoadjuvant chemotherapy (NAC) is critical for per-
sonalized breast cancer treatment. However, modeling complex longitu-
dinal dynamics remains challenging in small-sample settings. Although
biomedical foundation models offer strong representations, most 2D ar-
chitectures ignore 3D spatial continuity and multi-scale tumor morphol-
ogy, and existing approaches mainly rely on statistical correlations with-
out considering underlying causal mechanisms. To address these issues,
we propose a novel framework that integrates spatiotemporal modeling
leveraging a biomedical foundation model with causal graph reasoning
for pCR prediction. Our method introduces a Spatiotemporal-aware At-
tention (STA) mechanism, consisting of Multi-scale Adaptive Spatial-
aware Attention (MASA) to capture 3D volumetric tumor morphol-
ogy and Temporal-aware Attention (TA) to model treatment-induced
changes across longitudinal MRI scans. Furthermore, we incorporate
Causal Graph Reasoning to uncover latent causal pathways among longi-
tudinal imaging dynamics, clinical biomarkers, and pCR, enabling unbi-
ased estimation of treatment effects. Experiments on a multicenter cohort
of 438 cases show that our method outperforms existing approaches. The
causal model further surpasses its non-causal counterpart and identifies
consistent causal effects of key biomarkers (ER, PR, HER-2) across cen-
ters. These results suggest that our method improves both predictive
accuracy and interpretability.

Keywords: Longitudinal MRI · Spatiotemporal Attention · Causal Gra-
ph Reasoning · Foundation Model · Breast Cancer
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1 Introduction

Breast cancer is the most common malignancy among women [20]. Neoadjuvant
chemotherapy (NAC) improves surgical outcomes, and pathological complete
response (pCR) is a surrogate marker of favorable survival [9,22,4]. However,
NAC response varies markedly, with only 19–30% achieving pCR [10]. As sur-
gical pathology remains the gold standard, reliable preoperative prediction is
lacking [23]. Therefore, early and non-invasive prediction of treatment response
is critically needed.

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is widely
used to assess NAC response in breast cancer. Longitudinal imaging character-
izes lesion evolution across treatment, providing guidance for optimizing NAC
and improving pCR [12]. However, the heterogeneity of longitudinal data chal-
lenges machine learning models [1]. Many studies rely on feature concatena-
tion or difference-based fusion without explicitly modeling temporal dependen-
cies [13,15]. Recurrent neural networks (RNNs) improve multi-time-point model-
ing but suffer from high complexity and limited robustness [5,17]. Transformers
further enhance temporal modeling via attention mechanisms [26,21], yet these
approaches still depend on conventional deep learning frameworks and large an-
notated datasets, limiting generalization in small-sample clinical settings.

Biomedical foundation models demonstrate promise in extracting generaliz-
able representations via self-supervised learning, particularly for cancer imag-
ing biomarker discovery [25,16]. However, many foundation models utilize 2D
architectures for 3D medical images, risking loss of inter-slice spatial continu-
ity [8]. Furthermore, substantial variability in breast cancer lesion size and irreg-
ular morphological evolution during treatment complicate robust representation
learning [4].

Traditional machine learning often overlooks underlying causal mechanisms,
potentially leading to misleading clinical conclusions [24,18]. By contrast, causal
reasoning identifies graph structures from observational data to explicitly char-
acterize logical relationships among variables. Through counterfactual reasoning
and intervention analysis, it mitigates confounding bias and enables unbiased
treatment effect estimation. This provides robust inductive constraints for data-
scarce medical imaging and facilitates a deeper understanding of disease pro-
gression, thereby optimizing personalized treatment strategies [2,7].

To address the above limitations, this study makes the following contribu-
tions: 1) We propose a spatiotemporal-aware attention mechanism integrating a
biomedical foundation model with longitudinal MRI to capture multi-scale 3D
spatial features and dynamic temporal changes. 2) We develop a tumor response
prediction framework based on causal graph reasoning, revealing latent causal
pathways among imaging dynamics, clinical biomarkers, and outcome, thereby
improving both predictive accuracy and interpretability.
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2 Method

2.1 Overview

As illustrated in Fig. 1, we proposed a framework that integrates spatiotemporal
modeling leveraging a biomedical foundation model with causal graph reasoning
to predict breast cancer treatment response. The framework consisted of two key
components: Spatiotemporal-aware Attention and Causal Graph Reasoning.

Fig. 1. Overview of the proposed method. MASA: Multi-scale Adaptive Spatial-aware
Attention; TA: Temporal-aware Attention; CLS: classification token; F : features; P:
probability of pCR; Pa: parent nodes; ICE: individual causal effect; ACE: average
causal effect.

2.2 Spatiotemporal-aware Attention (STA)

Multi-scale Adaptive Spatial-aware Attention (MASA) For a given pa-
tient at time point t, the tumor volume is represented as a set of axial slices
It = {It1, It2, . . . , ItN}, where Iti ∈ RH×W and N denotes the number of tumor-
containing slices. Each slice is independently encoded by a shared-parameter
BiomedCLIP [25] image encoder, producing a sequence of slice-level feature em-
beddings F t = {f t

1, f
t
2, . . . , f

t
N} with f t

i ∈ RC .
Due to substantial inter-patient and inter-timepoint variations in tumor size,

the number of slices N varies across samples. To enable consistent multi-scale
modeling of volumetric features, the feature sequence is aligned to a fixed length
Nmax via zero padding:

F t ← Pad(F t) = Concat
(
F t, 0(Nmax−N)×C

)
. (1)
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To aggregate global spatial information from the 3D volume, a learnable clas-
sification token CLS ∈ R1×C is prepended to the padded sequence. In addition,
a learnable spatial positional embedding SE ∈ R(Nmax+1)×C is incorporated to
explicitly encode the relative spatial positions of slices:

F t ← F t + SE. (2)

The resulting sequence is then processed through multi-head self-attention
(MHSA) to capture global inter-slice dependencies. Following a pre-normalization
strategy, the spatial aggregation is performed as:

F t ← F t +MHSA
(
LN(F t)

)
. (3)

A feed-forward network (FFN) is subsequently applied in a residual manner,
i.e., F t ← F t + FFN(LN(F t)), further enhancing nonlinear feature represen-
tations. Finally, the CLS token aggregates global contextual information from
all slices, yielding a compact representation that jointly captures overall tumor
morphology and fine-grained spatial details.

Temporal-aware Attention (TA) To encode temporal order, a learnable time
embedding TEt ∈ R1 is added to the feature sequence of each time point:

F t ← F t +TEt, t = 0, 1. (4)

For cross-time feature interaction, each time point’s CLS token is concate-
nated with the slice-level features from the other time point to form a cross-time
sequence:

F0 ← Concat(F0
CLS,F1

slice), F1 ← Concat(F1
CLS,F0

slice). (5)

Multi-head cross-attention (MHCA) is then applied to aggregate dynamic
information. For each time point t, the CLS token F t

CLS serves as the query,
while the corresponding cross-time sequence F t serves as the key and value:

F t
CLS ← F t

CLS +MHCA
(
LN(F t

CLS),LN(F t)
)
, t = 0, 1. (6)

The CLS tokens are then refined through an FFN with residual connection.
The final temporal feature is obtained by concatenating the two CLS tokens,
F = Concat(F0

CLS,F1
CLS) ∈ R2C , which is subsequently passed to a multi-layer

perceptron (MLP) to predict the treatment outcome, ŷ = MLP(F).

2.3 Causal Graph Reasoning

Causal Structure Discovery To reduce the complexity of causal graph learn-
ing, we use the predicted probabilities from the longitudinal MRI model as image
representations, combined with clinical data and labels, as input to NOTEARS [27]
to learn a directed acyclic graph (DAG) over the variables. As an example, we
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consider a linear structural equation model (SEM), where each variable Xj in
the set X = {X1, X2, . . . , Xd} is expressed as a linear combination of the others,
Xj =

∑
i̸=j WijXi + Zj , with W ∈ Rd×d denoting the weighted adjacency ma-

trix, Wij representing the direct influence of Xi on Xj , and Zj an independent
noise term. The parameters are estimated via least squares with ℓ1 regularization
to promote sparsity, F (W ) = 1

2n∥X −XW∥2F + λ∥W∥1, and a smooth acyclic-
ity constraint is imposed, h(W ) = tr

(
exp(W ◦W )

)
− d, where ◦ denotes the

Hadamard product. The causal structure learning problem is then formulated
as a constrained optimization:

min
W∈Rd×d

F (W ) subject to h(W ) = 0. (7)

This nonconvex constrained optimization problem is solved using the aug-
mented Lagrangian method:

Lρ(W,α) = F (W ) +
ρ

2
h(W )2 + αh(W ), (8)

where α is the Lagrange multiplier and ρ is the penalty coefficient. Optimization
proceeds via alternating updates: 1) minimize Lρ(W,α) with respect to W ; 2)
update the multiplier α ← α + ρh(W ); 3) gradually increase ρ until h(W ) <
ε. Each unconstrained subproblem is efficiently solved using a quasi-Newton
method.

Finally, to enhance sparsity and remove spurious edges due to numerical
error, any weight with |Wij | < τ is set to zero, yielding the final DAG structure.

Causal Inference Based on the learned DAG, we further perform causal infer-
ence. A structural causal model (SCM) is constructed to functionalize the DAG
and enable explicit intervention-based effect estimation.

Formally, an SCM is defined as M := ⟨X,U, F ⟩, where X denotes the set
of endogenous variables corresponding to all nodes in the DAG, U represents
mutually independent exogenous noise variables, and F is the set of structural
functions governing the causal mechanisms among variables. For each endoge-
nous variable Xj ∈ X, the structural equation is given by Xj = fj(Pa(Xj))+Uj ,
where Pa(Xj) denotes the set of parent nodes of Xj in the DAG.

Since this study focuses on treatment outcome prediction and its causal in-
terpretation, we restrict the SCM construction to causal edges pointing to the
outcome variable Y . The corresponding structural equation is expressed as:

Y = fY (Pa(Y )) + UY . (9)

After constructing the SCM, causal effects are estimated via explicit interven-
tion operations. For a parent variable Xk ∈ Pa(Y ) that is binary, the individual
causal effect (ICE) for subject i is defined as:

ICEi,Xk→Y = Yi(do(Xk = 1))− Yi(do(Xk = 0)). (10)

The average causal effect (ACE) is obtained by aggregating individual effects
across the population:

ACEXk→Y = Ei[Yi(do(Xk = 1))]− Ei[Yi(do(Xk = 0))] . (11)
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3 Experiments and Results

3.1 Dataset and Evaluation

This retrospective multicenter study enrolled breast cancer patients receiving
NAC across three centers. For each patient, pre-NAC and early-NAC DCE-MRI
scans were acquired, along with clinical data including age, ER, PR, HER-2,
Ki-67, molecular subtype, and maximum tumor diameter. Tumor regions of in-
terest (ROIs) were manually segmented on DCE-MRI by experienced radiolo-
gists. pCR was determined via postoperative histopathology. A total of 438 cases
were included (Center 1: n = 237, Center 2: n = 119, Center 3: n = 82), with
pCR/non-pCR distributions of 81/156, 25/94, and 30/52, respectively. Center 1
was used for model development with five-fold cross-validation, while Centers 2
and 3 were used as independent external validation cohorts.

The model performance was evaluated using area under the receiver operating
characteristic curve (AUC), accuracy (ACC), sensitivity (SEN), and specificity
(SPE).

3.2 Implementation Details

Bilateral lesions were processed separately, and multiple unilateral lesions were
merged. DCE-MRI at 2 minutes post-contrast injection was selected. Image
preprocessing included: 1) resampling to 1 × 1 × 1 mm3; 2) intensity clipping
to the 0.1–99.9th percentile; 3) min-max normalization to [0,1]; 4) cropping
based on the ROI with a 10-pixel margin; 5) center cropping or zero-padding to
N ×224×224; 6) z-score normalization. Missing values in clinical variables were
imputed using Multiple Imputation by Chained Equations.

Gradient accumulation was applied with a step size of 16. The Biomed-
CLIP image encoder was frozen during training. Multi-scale feature sequences
were aligned to a fixed length of Nmax = 200 via zero padding. Binary cross-
entropy (BCE) loss was used. Our method was implemented in PyTorch, using
an NVIDIA RTX A6000 GPU. The model was trained for 15 epochs using the
Adam optimizer with cosine annealing to reduce the learning rate of newly added
modules from 5× 10−5 to 1× 10−7.

For causal structure discovery, we employed a non-linear NOTEARS-MLP
model with default settings to learn the DAG.

3.3 Comparison with Existing Methods

We evaluated the proposed MASA and TA against existing spatial and tempo-
ral modeling methods. For spatial modeling comparison, MASA was compared
with average pooling and multiple instance learning (MIL) methods, including
ABMIL [14] and TransMIL [19], with all methods using simple concatenation for
temporal modeling. For temporal modeling comparison, TA was compared with
LSTM [11], BiLSTM, GRU [3], BiGRU, and iMRrhpc [6] (simple concatena-
tion), while all methods used MASA for spatial modeling. As shown in Tables 1
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Table 1. Comparison of MASA with existing methods for spatial modeling.

Method Center 1 (Internal) Center 2 (External) Center 3 (External) Mean
AUCAUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE

Mean 0.742 0.717 0.642 0.756 0.646 0.588 0.800 0.532 0.772 0.695 0.800 0.635 0.720
ABMIL [14] 0.736 0.696 0.765 0.660 0.612 0.630 0.600 0.638 0.708 0.683 0.767 0.635 0.685
TransMIL [19] 0.743 0.713 0.605 0.769 0.671 0.656 0.720 0.638 0.815 0.793 0.767 0.808 0.743
MASA (Ours) 0.756 0.743 0.568 0.833 0.674 0.723 0.560 0.766 0.805 0.793 0.833 0.769 0.745

Table 2. Comparison of TA with existing methods for temporal modeling.

Method Center 1 (Internal) Center 2 (External) Center 3 (External) Mean
AUCAUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE

LSTM [11] 0.722 0.726 0.593 0.795 0.675 0.613 0.720 0.585 0.810 0.793 0.900 0.731 0.736
BiLSTM 0.709 0.705 0.617 0.750 0.669 0.748 0.480 0.819 0.816 0.781 0.867 0.731 0.731
GRU [3] 0.726 0.726 0.605 0.789 0.687 0.765 0.480 0.840 0.817 0.793 0.900 0.731 0.743
BiGRU 0.732 0.722 0.593 0.789 0.686 0.647 0.720 0.628 0.815 0.781 0.900 0.712 0.744
iMRrhpc [6] 0.756 0.743 0.568 0.833 0.674 0.723 0.560 0.766 0.805 0.793 0.833 0.769 0.745
TA (Ours) 0.783 0.717 0.778 0.686 0.686 0.765 0.560 0.819 0.800 0.781 0.833 0.750 0.756

and 2, the proposed MASA and TA outperform existing methods in spatial and
temporal modeling, respectively.

3.4 Ablation Study

To evaluate the effectiveness of STA and the contribution of each component, we
conducted ablation studies under both unimodal and multimodal settings. In the
unimodal setting, using only longitudinal imaging data, the baseline model ag-
gregates spatial features via average pooling and fuses temporal features through
simple concatenation, without attention mechanisms. We then progressively in-
corporated MASA and TA to analyze their respective contributions to spatial
structure modeling and temporal dynamic modeling. In the multimodal setting,
clinical tabular data were further integrated to assess the effectiveness of the
proposed method in jointly modeling imaging and clinical information.

As shown in Table 3, in the unimodal setting, introducing MASA increased
the mean AUC across the three centers from 0.720 to 0.745, and further adding
TA raised it to 0.756, demonstrating the effectiveness of STA in modeling both
spatial and temporal features. In the multimodal setting, incorporating clinical
data improved the mean AUC from 0.792 to 0.812 with MASA and to 0.814 with
TA. Although the additional gain from STA is slightly reduced when clinical
information is included, it still provides consistent performance improvement.

3.5 Causal Graph Reasoning

The learned DAG in Fig. 1(II-A) shows that longitudinal imaging representa-
tions, along with ER, PR, and HER-2, directly influence pCR, suggesting po-
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Table 3. Ablation study of STA.

MASA TA Clinical
data

Center 1 (Internal) Center 2 (External) Center 3 (External) Mean
AUCAUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE

× × × 0.742 0.717 0.642 0.756 0.646 0.588 0.800 0.532 0.772 0.695 0.800 0.635 0.720
✓ × × 0.756 0.743 0.568 0.833 0.674 0.723 0.560 0.766 0.805 0.793 0.833 0.769 0.745
✓ ✓ × 0.783 0.717 0.778 0.686 0.686 0.765 0.560 0.819 0.800 0.781 0.833 0.750 0.756

× × ✓ 0.811 0.734 0.827 0.686 0.794 0.740 0.800 0.723 0.771 0.744 0.667 0.789 0.792
✓ × ✓ 0.814 0.722 0.877 0.641 0.800 0.731 0.840 0.702 0.821 0.781 0.833 0.750 0.812
✓ ✓ ✓ 0.826 0.734 0.901 0.647 0.789 0.782 0.760 0.787 0.826 0.756 0.867 0.692 0.814

Table 4. Comparison of predictive performance between non-causal and causal meth-
ods.

Method Center 1 (Internal) Center 2 (External) Center 3 (External) Mean
AUCAUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE

Non-causal 0.826 0.734 0.901 0.647 0.789 0.782 0.760 0.787 0.826 0.756 0.867 0.692 0.814
Causal 0.835 0.738 0.889 0.660 0.810 0.765 0.840 0.745 0.824 0.756 0.833 0.712 0.823

tential causal relationships. As shown in Table 4, the causal model built from
these causal features outperforms the non-causal model that uses all features, by
effectively removing redundant information. Fig. 2 presents the distribution of
ICE, revealing heterogeneity at the patient level. ACE estimates are consistent
across centers: ER (−0.134, −0.110, −0.130) and PR (−0.101, −0.080, −0.097)
negatively impact pCR, whereas HER-2 (0.082, 0.063, 0.086) exerts a positive
effect. For example, in Center 1, ER positivity reduces the probability of pCR
by 0.134 on average compared with ER negativity.

Fig. 2. Distribution plots of individual causal effect (ICE) for clinical indicators
causally associated with pCR across three centers.

4 Discussion and Conclusions

The proposed STA effectively captures 3D spatial information and temporal dy-
namics, while causal graph reasoning highlights longitudinal imaging dynamics
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and key biomarkers that have direct causal effects on pCR, providing inter-
pretable insights into treatment response. The inferred causal graph aligns with
established clinical knowledge of ER, PR, and HER-2 effects, supporting the
plausibility of the causal relationships.

This study presented a framework that integrates spatiotemporal modeling
leveraging a biomedical foundation model with causal graph reasoning to predict
breast cancer treatment response. We proposed a Spatiotemporal-aware Atten-
tion (STA) mechanism, which utilized MASA for multi-scale 3D spatial modeling
and TA to capture treatment dynamics across time points. Furthermore, we in-
corporated Causal Graph Reasoning to uncover latent causal pathways among
longitudinal imaging dynamics, clinical biomarkers, and outcome. Multi-center
validation demonstrates that our approach outperforms existing methods and
provides interpretable causal insights, offering significant potential for personal-
ized clinical decision support.
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