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Abstract. In patients with breast cancer, pathological complete re-
sponse (pCR) has been established as a clinically meaningful surrogate
marker for long-term outcomes. While commonly treated with neoad-
juvant chemotherapy (NACT), effective treatment decision-making re-
mains challenging, as therapeutic response can vary substantially across
patients, calling for predictive models capable of accurately estimat-
ing individualized treatment response. To address this, we propose an
imaging-based 3D spatio-temporal framework for treatment response
prediction that integrates a state-of-the-art graph neural network with
relational modeling of temporal interactions across timepoints along-
side three novel and complementary treatment trajectory representa-
tion learning objectives. Experiments across a cohort of 585 patients
from the public ISPY2 dataset demonstrate that our method substan-
tially outperforms both supervised and supervised representation learn-
ing baselines across several classification metrics. Alongside establish-
ing a breast cancer pCR prediction benchmark, we include a principled
ablation of our method and further introduce and empirically assess
the impact of the available number of DCE-MRI timepoints per pa-
tient trajectory and the inclusion of inter-scan time-differences. Overall,
our study substantiates the utility of clinically meaningful longitudinal
medical imaging modeling for predicting NACT-induced pCR. The code
accompanying this work (https://github.com/compai-lab/2026-miccai-
grail-kiechle) alongside a user-friendly Python library for data curation
(https://pypi.org/project/ISPY2-pCR-dataset), is publicly available.
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Fig. 1. Method: Longitudinal image-derived latent features are represented as a di-
rected acyclic graph and aggregated through a graph neural network (GNN) projection
head to obtain a compact patient-level embedding. Representation learning is guided by
an asymmetric response-aware objective that combines (a) population-level alignment,
(b) patient-level representation decorrelation, and (c) temporal consistency losses.

1 Introduction

With an estimated 2.3 million women diagnosed with breast cancer annually [1],
optimizing treatment remains a clinical priority where neoadjuvant chemother-
apy (NACT) crucially enables early response assessment to guide therapy adap-
tation and surgical planning [2]. Pathologic complete response (pCR), i.e. the
absence of residual invasive disease in the breast and axillary lymph nodes at
surgery following NACT [2], is commonly used to estimate NACT efficacy while
being associated with improved long-term outcomes and event-free survival [3].

Reliable early prediction of pCR holds the promise of mitigating treatment-
related toxicity and crucially supports informed clinical decision-making, includ-
ing therapeutic escalation or de-escalation strategies. Moreover, early identifica-
tion of non-responders may enable timely treatment modification and optimiza-
tion of surgical intervention. Dynamic contrast-enhanced magnetic resonance
imaging (DCE-MRI) plays an essential role in screening and assessment of re-
sponse to NACT [4]. Accordingly, DCE-MRI–based methods for pCR prediction
have attracted substantial attention. Many existing studies, however, are limited
by the use of single-modality pre-treatment data, absence of rigorous baseline
examinations, or reliance on single train-test split, thereby constraining con-
fidence in generalizability of reported performances [4, 2, 5–11]. While imaging
data from a single time point (e.g. pre-treatment) insufficiently captures subtle
therapy-induced alterations [8], the integration of longitudinal DCE-MRI ac-
quired over the course of NACT [12, 13] allow pCR prediction models to capture
dynamic tumor evolution, signaling individual treatment trajectories.
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Nonetheless, only a limited number of studies have utilized longitudinal DCE-
MRI data [11], and existing approaches remain constrained in their ability to
learn complex temporal representations. Several methods rely on hand-crafted
features [7] or simple concatenation of multiple time points [10], which may inad-
equately capture longitudinal tumor dynamics. For example, [14] incorporated
multiple DCE-MRI time points but employed a fixed CNN pretrained on natural
images for feature extraction, without adapting representations to the tempo-
ral treatment setting. Similarly, [8] applied an LSTM to model inter-timepoint
dependencies, however, training was restricted to a supervised binary pCR classi-
fication objective, without dedicated temporal representation learning. Likewise,
Zang et al. [15] proposed a temporal fusion module integrating attention-based
and sequence modeling mechanisms to aggregate longitudinal MRI features, yet
optimization was again limited to supervised pCR classification.

Recently, a purely imaging-based 2D longitudinal representation learning ap-
proach [11] demonstrated promising results but evaluated performance on a sin-
gle dataset split, likely overestimating generalization performance. While point-
ing towards the needs of (i) deeper multi-split validation and (ii) CNN-based
feature extractor and supervised representation learning baseline comparisons
[11, 8, 16], these previous studies signaled potential capabilities of temporal rep-
resentation learning of disease trajectories. Although these studies suggest po-
tential, its downstream impact, specifically for breast cancer pCR prediction,
including varying numbers of DCE-MRI time points remains insufficiently ex-
plored [11, 17]. We aim to bridge this gap by introducing a time-aware graph
neural network with novel temporal representation learning objectives, along-
side a principled pCR prediction framework and benchmark evaluation. The
main contributions of this work are summarized as follows:

1. We propose a novel time-aware graph neural network that explicitly encodes
structured treatment response trajectories within its graph topology.

2. We introduce three novel representation learning objectives that enforce tra-
jectory and response-consistent latent representations.

3. We establish a comprehensive imaging-based benchmark for breast cancer
pCR prediction that evaluates different methods, available imaging time-
points, and the inclusion of inter-scan temporal differences.

2 Methods and Materials

2.1 Network Architecture

Visual Feature Extraction Given a 3D input volume, representing a patient i
at timepoint t, the longitudinal MRI set is described as {xt

i}Tt=1, where xi ∈
RC×D×H×W . Each input volume is independently processed by a ResNet [18]
backbone to extract corresponding feature maps, which are subsequently passed
through a global average pooling layer, to obtain a compact embedding vector
representing an 3D input volume of patient i at timepoint t, denoted as zti ∈ RD.
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Graph Topology Construction The set of image embeddings {zti}Tt=1 repre-
senting a patient i across T timepoints is subsequently translated into a directed
graph, where each node corresponds to one embedding zti ∈ RD and edges en-
code pairwise relationships. Therein, nodes are indexed according to their tem-
poral ordering. For every pair of nodes (u, v) with u < v, we add a directed
edge from node u to node v, with no reverse edges, resulting in a set of edges
E = {(u, v) | 0 ≤ u < v < N}. This yields a directed acyclic graph, which
ensures that each node can propagate information to all subsequent nodes while
preserving temporal dependencies. The choice of this topology ensures pairwise
node connectivity under a strict ordering constraint, enabling relational model-
ing while maintaining a well-defined directional flow of temporal information.

Graph Feature Representation Learning Let G = (V, E) denote the afore-
mentioned directed acyclic graph, where V refers the set of nodes which are
connected by a set of edges E ⊆ V × V. Given a feature vector zti ∈ RD at-
tached to the corresponding node, following their temporal ordering, we perform
graph feature representation learning over the nodes using GraphSAGE [19],
which follows the scheme of message passing. Specifically, nodes are updated by
neighborhood feature aggregation, following the underlying graph structure [20].

2.2 Asymmetric Treatment Response Loss

Population-level Alignment We propose a population-level alignment objec-
tive that structures the embedding space according to the response status of a
patient (Figure 1, bottom left). Let zi ∈ RD denote the embedding of a patient
i, our goal is twofold: first, encourage similarity among responder patients (i.e.
attract embeddings) and second, discourage similarity between responders and
non-responders (i.e. repel embeddings), based on Cosine similarity, outlined as

Lalign = 1− 1

|R|
∑
i∈R

sim(zi, zπ(i))︸ ︷︷ ︸
1 attract

+
1

|N |
∑

(i,j)∈(N ,R)

sim(zi, zj).︸ ︷︷ ︸
2 repel

(1)

1 attract To promote a shared latent space among responder patients R,
we randomly permute the embeddings within the responder group and align each
responder with another responder. Formally, let π be a random permutation over
indices in R, the responder attract term aims at increasing the pairwise similarity
within the responder population, encouraging embeddings to occupy a compact
region in latent space. Moreover, as the permutation π changes across iterations,
the loss approximates a stochastic estimate of responder coherence rather than
enforcing fixed pairwise matches within this subgroup.

2 repel To promote discriminative separation between responders R and
non-responders N , we penalize similarity across these groups. Minimizing the re-
pel term, pushes embeddings of the two subpopulations apart, thereby increasing
inter-class separation. Furthermore, we intentionally omit the attract term for
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non-responders, as their heterogeneous clinical outcomes such as stable disease,
progressive disease, or partial response are associated with distinct underlying
imaging patterns, making a shared latent representation ill-posed.

Patient-level Representation Decorrelation We propose a patient-level rep-
resentation decorrelation objective, where the key idea is that embeddings from
different timepoints of the same patient should not collapse to redundant rep-
resentations, but rather encode complementary aspects of disease evolution. To
this end, we penalize similarity between adjacent timepoint embeddings of re-
sponder patients R using Cosine similarity, formally defined as

Ldecorrelate =
1

|R|
∑
i∈R

1

T − 1

T−2∑
t=0

sim
(
z
(t)
i , z

(t+1)
i

)
. (2)

Minimizing the objective above encourages embeddings from different timepoints
of the same patient to become decorrelated. As a consequence, each temporal seg-
ment z(t)i of a patient trajectory is promoted to capture distinct, non-redundant
factors of variation relevant for treatment response.

Patient-level Temporal Relationships We propose a patient-level temporal
relationship loss, with the key idea of modeling how latent embeddings {zti}

T−1
t=0 of

patient i evolve over time. While the decorrelation term enforces complementary
information across timepoints, we now constrain the latent trajectory to follow
a consistent additive progression z̃i, formally defined as

Ltemporal =
1

|R|
∑
i∈R

[
1− sim

(
z̃i, z

(T )
i

)]
where z̃i =

T−2∑
t=0

(
z
(t+1)
i − z

(t)
i

)
. (3)

Minimizing the objective above encourages temporal consistency. The rep-
resentation at the final timepoint T must be predictable from the sequence of
intermediate latent transitions. Intuitively, the embeddings are encouraged to fol-
low a coherent temporal trajectory rather than independent snapshots, thereby
regularizing the model to encode meaningful disease progression dynamics.

Loss Function The overall Asymmetric Treatment Response Loss applies the
introduced objectives asymmetrically to responders R and non-responders N :

Ltotal(i) = 1{i∈R}
(
Lalign + Ldecorrelate + Ltemporal

)
+ 1{i∈N}Lrepel

3 Experiments and Results

Data and Preprocessing In this work we use the publicly available ISPY2
dataset [12, 13] and select 585 patients (204 responders) with complete DCE-MRI
acquisitions at four neoadjuvant chemotherapy (NACT) timepoints, compris-
ing one pre-treatment scan and three consecutive examinations acquired during
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therapy prior to surgery. Data preprocessing follows Jing et al. [8], resulting in
a longitudinal sequence of four images per patient, each represented as a tensor
of shape (3, 64, 64, 64). The three channels encode early contrast enhancement
(phase 1 minus phase 0), late contrast enhancement (phase 4 minus phase 0),
and functional tumor volume (FTV), which captures metabolically active tumor
regions defined via pharmacokinetic thresholds on DCE-MRI [21]. To ensure re-
producibility and enable fair comparison, we release a user-friendly library at
the Python Package Index (PyPI) implementing the full data pipeline.

Implementation Details All models are trained and evaluated using strati-
fied 5-fold cross-validation (3/1/1 train/val/test split per fold). Optimization is
performed with SGD (learning rate 10−2, and batch size 16 with gradient accu-
mulation over 4 batches) for 100 epochs using a cosine annealing scheduler. The
model with the highest validation AUC is selected for testing. To ensure fair com-
parison, all methods share identical data splits, inputs, and the same ResNet18
feature encoder implementation [22], such that performance differences reflect
only the respective spatio-temporal learning strategies. DINOv3 [23] is included
as a strong training-free foundational model baseline, using the 2D axial vol-
ume slice containing the largest metabolically active tumor region (based on the
FTV channel). All vision baselines employ the same three-layer MLP classifica-
tion head, with the CNN+LSTM approach additionally incorporating an LSTM
layer for sequential modeling [8]. Supervised representation learning methods
are evaluated using a support vector classifier. Experiments are conducted on an
NVIDIA RTX A6000 Ada GPU. Details can be found in our code repository.

3.1 Empirical Results and Experimental Analysis

Table 1 presents a comparison of our GNN-pCR framework against several super-
vised and supervised representation learning (SupRL) baselines for binary breast
cancer pCR prediction. We evaluated [11] on the reference 2D data using 5-fold
cross-validation and, in line with the authors [25], observed substantial perfor-
mance variability, achieving an AUC of 0.5610. To ensure fair evauluation, we ex-
tended the method to 3D using our unified encoder, denoted as 3D-LART. Over-
all, our GNN-pCR consistently achieves the best performance across all evalua-
tion metrics. In particular, compared to the strongest respective baseline model,
our approach improves bACC from 0.6520 [11] to 0.6844, AUC from 0.6951
(best CNN baseline) to 0.7203, and Matthews correlation coefficient (MCC)
from 0.2922 [11] to 0.3561. These results suggest that structured modeling of
longitudinal relationships as proposed in our GNN-pCR approach, successfully
translates into consistent improvements across all evaluation criteria and mod-
els. The performance improvement is even larger when compared to the SupRL
approach of [24], the sequence modeling strategy based on CNN+LSTM [8] and
the recent transformer vision foundation model DINOv3 [23].

Ablation Study We conduct an ablation study by systematically removing in-
dividual loss terms and the GNN module from the full model while keeping all
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Table 1. Comparison of GNN-pCR with supervised and supervised representation
learning (SupRL) baselines, with an ablation study of its key components. Performance
is reported as the mean value over 5-folds, using balanced accuracy (bACC), Area
Under the Receiver Operating Characteristic Curve (AUC) and Matthews correlation
coefficient (MCC). Best in bold, second best underlined and ↑ means higher is better.
Wilcoxon signed-rank test: (∗)refers to p-values ≤ 0.05, (†)refers to p-values ≤ 0.0625.

Method Backbone bACC ↑ AUC ↑ MCC ↑

Supervised baselines
CNN + MLP ResNet18 0.6466(†) ± 0.03 0.6951(†) ± 0.03 0.2864(†) ± 0.06

CNN + LSTM[8] ResNet18 0.6107(†) ± 0.05 0.6825 ± 0.06 0.2278(†) ± 0.10

DINOv3[23] + MLP ViT-L/16 0.5628(∗) ± 0.04 0.6020(∗) ± 0.03 0.1316(∗) ± 0.09

SupRL baselines
3D-LART

[11] ResNet18 0.6520(†) ± 0.03 0.6857 ± 0.02 0.2922(∗) ± 0.06

SSL-TOPC[24] ResNet18 0.6224(∗) ± 0.02 0.6775 ± 0.04 0.2434(∗) ± 0.03

GNN-pCR (ours) ResNet18 0.6844 ± 0.01 0.7203 ± 0.02 0.3561 ± 0.02

Ablation Study
w/o alignment loss ResNet18 0.6162(∗) ± 0.03 0.6936 ± 0.04 0.2490(∗) ± 0.06

w/o temporal loss ResNet18 0.6589(∗) ± 0.03 0.7025 ± 0.06 0.3047(∗) ± 0.05

w/o decorrelation loss ResNet18 0.6350(∗) ± 0.01 0.6594(∗) ± 0.03 0.2684(∗) ± 0.03

w/o GNN ResNet18 0.6610 ± 0.02 0.6895 ± 0.04 0.3077(†) ± 0.04

other components untouched. Results can be found in Table 1. Removing the
alignment loss leads to a consistent performance drop across all metrics, with a
substantial decline in e.g., bACC from 0.6844 to 0.6162. This finding is consis-
tent with the objective of enhancing class separability between responders and
non-responders, indicating that the alignment loss constitutes a key factor in
shaping discriminative pCR representations. Similarly, removing the temporal
loss (0.6844 → 0.6589) or decorrelation loss (0.6844 → 0.6350) leads to con-
siderable performance declines across all metrics. These findings suggest that
both encouraging complementary features (via decorrelation loss) and enforcing
temporal consistency (via temporal loss) are essential to capture relevant longi-
tudinal changes in responder patients. Finally, replacing the GNN with a linear
prediction head also reduces performance (0.6844 → 0.6610), underscoring that
relational modeling of temporal interactions across timepoints provides benefits
beyond those achievable with dense feature connections alone.

Early Response Prediction To assess the capability of the models to predict
therapy response at early stages, we restrict the available longitudinal informa-
tion to partial time series and evaluate performance for consecutive time intervals
(t0 → t1, t0 → t2, and t0 → t3). Results are summarized in Table 2. Across all
temporal settings, our proposed GNN-pCR consistently achieves the strongest
performance. Notably, the superiority of the full time-series model (t0 → t3)



8 Kiechle et al.

Table 2. Quantitative comparison of methods for (i) early response prediction and (ii)
impact of inter-scan time differences. Performance is reported as the mean value over
5-folds, using balanced accuracy (bACC), for consecutive timepoints t0 → t1, t0 → t2
and t0 → t3. Best in bold, second best underlined and ↑ means higher is better.

Method Inter-Scan
Time Diff.

bACC ↑

t0 → t1 t0 → t2 t0 → t3

CNN + MLP
✗ 0.5042 ± 0.03 0.6508 ± 0.03 0.6466 ± 0.03

✓ 0.5059 ± 0.02 0.6479 ± 0.03 0.6447 ± 0.02

CNN + LSTM[8, 16] ✗ 0.5237 ± 0.05 0.5721 ± 0.03 0.6107 ± 0.05

✓ 0.5163 ± 0.04 0.5969 ± 0.03 0.6513 ± 0.02

3D-LART
[11] ✗ 0.5586 ± 0.05 0.6631 ± 0.03 0.6520 ± 0.03

✓ 0.5369 ± 0.06 0.6391 ± 0.05 0.6616 ± 0.02

✗ 0.5820 ± 0.04 0.6823 ± 0.01 0.6844 ± 0.01
GNN-pCR (ours)

✓ 0.5937 ± 0.06 0.6689 ± 0.04 0.6853 ± 0.03

translates to earlier prediction scenarios. When only two timepoints are avail-
able (t0 → t1), GNN-pCR attains the highest bACC (0.5937), clearly outper-
forming CNN-based and recurrent baselines. The margin over the second-best
SupRL method (3D-LART) is particularly pronounced in this most challenging
early setting, highlighting the benefit of our novel learning objectives combined
with explicit modeling of relational structure under limited temporal data. We
further analyze the impact of explicitly incorporating intra-patient time differ-
ences across scans as an additional feature. The effect is method-dependent.
The CNN+LSTM [16] benefits most at the full time-series (t0 → t3), improv-
ing from 0.6107 to 0.6513, although starting from a comparatively low score. In
contrast, CNN, 3D-LART and GNN-pCR exhibit only moderate changes when
adding time-gap information, which we attribute to the systematic design of the
ISPY2 study, which shows near homogeneous time difference distribution across
patients and their respective scans [12, 13].

4 Discussion and Conclusion

In this work, we have introduced a novel supervised framework for learning
imaging-based patient treatment trajectories by combining a time-aware graph
neural network with relational temporal modeling alongside three complemen-
tary trajectory-level objectives. To this end, the underlying graph structure ex-
plicitly encodes dependencies across timepoints, enabling structured represen-
tation learning aligned with clinically meaningful disease progression. Our ex-
perimental evaluations demonstrate consistent improvements over both super-
vised vision baselines and existing supervised representation learning approaches
across multiple classification metrics. Ablation studies confirm the contribution
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of each novel loss component and highlight the added value of relational mod-
eling via the GNN. Notably, early response prediction results suggest that the
learned representations capture clinically relevant longitudinal characteristics.
Incorporating inter-scan time differences, although holding promise, yielded only
moderate gains, likely due to the structured study design of ISPY2 and the re-
sulting less pronounced variability in acquisition intervals across patients and
scans. Even though our evaluations are based on breast cancer pCR predic-
tion, our proposed framework is designed as a general approach for longitudinal
SupRL. To this end, future work will evaluate the proposed framework across
a broader range of longitudinal clinical prediction and monitoring tasks, poten-
tially in combination with complementary clinical biomarkers.
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