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Abstract. Dynamic Contrast-Enhanced Magnetic Resonance Imaging
(DCE-MRI) is a sequence of MRI scans acquired after the administra-
tion of a contrast agent. In Breast cancer, it is used to capture dynamic
changes in tissue enhancement over time, which is shown to be different
between benign and malignant lesions. In fact, the DCE-MRI is a tempo-
ral sequence of MRI composted of one pre-contrast and six post-contrast
instant. This study leverages machine learning techniques to enhance
breast cancer classification using the full sequence of DCE-MRI data,
addressing the common oversight of underutilizing its temporal dimen-
sion. We analyze an in-house dataset, integrating radiomic features from
each time instant through i) feature concatenated from all instants of the
sequence and a random forest model (multi-instant Random Forest), and
ii) a graph neural network (GNN) to extract informative embeddings in
which nodes correspond to the seven time instants of the DCE-MRI se-
quence. Our findings indicate that incorporating temporal information
significantly improves classification performance, both in terms of ac-
curacy and particularly in terms of Positive Predictive Value (PPV),
which is crucial for reducing false positives in clinical decisions. Despite
the complexity of GNNs, their performance gains are marginal compared
to the simpler multi-instant RF, suggesting that shallower models may
be equally effective with smaller datasets. Explainable AI methods fur-
ther reveal that the pre-contrast and third post-contrast instants are
most informative for classification, offering new insights for radiology
physicians.

Keywords: Breast Cancer · Radiomics · Graph Neural Networks · Ex-
plainable AI.

1 Introduction

Dynamic Contrast-Enhanced Magnetic Resonance Imaging (DCE-MRI) is an
advanced imaging technique for medical diagnostics. Unlike conventional MRI,
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DCE-MRI involves the intravenous injection of a contrast agent to enhance the
visibility of vascular perfusion and permeability within the target tissue. As a
result, DCE-MRI captures dynamic changes in tissue enhancement over time,
providing invaluable insights into tissue microvasculature and permeability char-
acteristics [3]. In the case of breast cancer, the DCE-MRI sequence is composed
of 1 pre-contrast MRI followed by 6 post-contrast MRI, and its signal intensity
time curves have shown that malignant tissues generally enhance early com-
pared to benign tissues [9]. Considering this marked difference between benign
and malignant lesions, the entire sequence rather than individual instants has to
be evaluated for an enhanced diagnosis.

Machine learning methodologies were employed for breast cancer classifica-
tion across diverse contexts [7], and notable advancements have also emerged
within the domain of DCE-MRI. Despite the physician diagnostic process typi-
cally relying on classification based on contrast medium absorption trends, many
studies fail to fully leverage the temporal dimension of a DCE-MRI sequence [6,
2, 12], undermining the effectiveness of the classification approaches. For this
reason, new recent methods were proposed to exploit all the DCE-MRI instants,
proposing time series classifier methods for classification [13] and a local-global
cross-attention fusion network for classification and segmentation [17]. Although
these approaches have focused on improving the models’ accuracy, they have
overlooked the study of how each instant affects the final prediction and whether
there is an instant that contributes most to the prediction. This step is critical to
validate the models, analyze the clinical implications, and provide new insights
to radiology physicians. This aspect necessitates methodologies that incorporate
data from all time instants and employ post-hoc model explanations to assess
the significance of these instants.

Our work aims to analyze an in-house dataset for breast cancer classification
combining all the sequence instants within the DCE-MRI sequence. Each DCE-
MRI is composed of one pre-contrast image and six post-contrast. Radiomic
features [5, 12] are extracted at each time instants of the sequence and are inte-
grated through i) a features concatenation; and ii) a graph neural network, im-
plemented to extract informative embeddings by assimilating information from
all nodes, here represented by the time instants of the DCE-MRI sequence. To
highlight the importance of temporal integration in DCE-MRI, these models
are compared with a Random Forest trained on the pre-contrast instant and
third post-contrast instant because proven the most informative [12]. In addi-
tion, Explainable AI algorithms are developed to evaluate the most informative
instants for prediction when the instants are integrated, providing new insights
to radiology physicians.

2 Materials and Methods

This work aims to evaluate the importance of aggregating all instants of the
DCE-MRI sequence for classification. Radiomic feature extraction is implemented
to convert the lesions of each instant into informative signatures. The pre-
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contrast and third post-contrast instants, found to be the most predictive in
Prinzi et al. [12], are compared with two implemented approaches that integrate
information from multiple instants:

– A Random Forest model trained by concatenating the features extracted
from all instants of the sequence.

– A Fully-Connected Graph Neural Network in which a node is represented
by each instant of the DCE-MRI sequence and the features vectors are rep-
resented by the radiomic features of each instant.

The following sections outline all the steps in the workflow, including the
employed dataset and the feature extraction process, feature preprocessing and
selection, and model training.

2.1 Dataset Description and Radiomic Feature extraction

Our in-house dataset was collected using a 1.5T MR scanner and consists of
T1-weighted sequences. The process of a DCE-MRI involves first obtaining a
pre-contrast MRI (one without the contrast agent) and then a set of MRI (six
in our case) obtained subsequent to the endovenous injection of the contrast
agent. Each instant is acquired every 70/90 seconds. A total of 166 breast lesions
were collected and manually segmented by expert radiologists. The dataset is
balanced, with 84 malignant lesions and 82 benign. In addition, our dataset is
multi-protocol with 81 and 85 lesions for protocols 1 and 2, respectively.

For each lesion, radiomic features were extracted using the pyradiomics [18],
compliant with the Imaging Biomarker Standardization Initiative (IBSI) [4].
A total of 93 features were extracted from un-processed images, considering
statistical and textural features. Using the Haar kernel, the same features were
extracted from the wavelet transform and from Laplacian of Gaussian (LoG)
filtered images (σ = [2, 3]), collecting 744 wavelet-derived and 186 LoG-derived
features, respectively. Figure 1 mentions the extracted categories.

2.2 Feature preprocessing and Selection

Considering the two acquisition protocols employed for image acquisition, Com-
Bat was used for feature harmonization [8]. Features with variance σ2 < 0.01
were removed, as well as highly correlated features using a Spearman correlation
coefficient (|ρ| > 0.9 as the threshold). These two steps were repeated for each
instant within the DCE-MRI sequence. Finally, only the features statistically sig-
nificant simultaneously in at least 5 instants were selected. The Mann-Whitney
U test was employed as a statistical test, considering p < 0.05 as significance
level.

2.3 Classification using Shallow methods

Each instant of the DCE-MRI sequence was previously evaluated showing that
each instant, analyzed separately, can provide high diagnostic performance [12].
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Fig. 1. Workflow for radiomic feature extraction. From each instant original, wavelet-
derived and log-derived features were extracted. (GLCM: Gray Level Co-occurrence
Matrix; FO: first-order; GLRLM: Gray Level Run Length Matrix; GLSZM: Gray Level
Size Zone Matrix; GLSM: Gray Level Dependence Matrix; NGTDM: Neighbouring
Gray Tone Difference Matrix;)

Random Forest emerged as the most performing model across all instants. In
addition, the pre-contrast instant and the third post-contrast instant showed
higher predictive capability. In this work, to integrate information from all in-
stances, a new Random Forest model was trained concatenating all selected
features coming from each instance. We refer to this model as the multi-instant
Random Forest. Before the concatenation process, correlated features were again
discarded, considering Spearman’s correlation index < 0.8. In addition, to main-
tain a proper proportion between input samples and dataset dimensionality [10],
the sequential feature selector (SFS) [14] was used to select an informative sig-
nature. SFS was set with Random Forest as the classifier, and accuracy as the
metric to maximize.

2.4 Classification using a Fully-Connected Graph Neural Network

A graph neural network was implemented to integrate all instances of the DCE-
MRI sequence. Specifically, each instant represents the node of the graph, and
the selected radiomic features represent the features of each node. Formally, a
graph G = (V,E) is a structure consisting of a set V of n nodes and a set of edges
E. Each node v ∈ V is equipped with a d-dimensional feature vector xv, here v
are the seven DCE-MRI instants, xv are the radiomic features associated with
each instant. These can be grouped into a feature matrix X ∈ Rn×d by stacking
all the n = |V | feature vectors vertically. Its adjacency matrix A, whose entry
i, j is equal to 1 if node i is connected to node j and 0 otherwise, fully captures
the connectivity structure of G. Each layer of a GNN is made up of a nonlinear
function that maps a feature matrix into a new, hidden feature matrix. This
allows the connectivity of the underlying network to account for the pairwise
relationships that are present in it. Formally,

H(l) = f(H(l−1);A) (1)



Temporal Integration in DCE-MRI for Improved Breast Cancer Diagnosis 5

where H(l) is the hidden feature matrix at layer l and H(0) = X. A single
graph represents a breast tumor consisting of seven nodes. A fully connected con-
nectivity was implemented hypothesizing that important relations exist between
non-consecutive time steps. This construction strategy resulted in a dataset com-
posed of 166 graphs with seven nodes each. After applying GNN layers, the rep-
resentations learned for each node were then aggregated using mean pooling as
readout function to obtain graph-level embeddings. Finally, these embeddings
were used for binary classification. Graph Attention Networks (GATs) [15] was
employed as architecture.

3 Experimental Results

The trained models were evaluated using a stratified 10-fold cross-validation.
Accuracy, AUROC, specificity, sensitivity, PPV, and NPV were considered as
metrics. Random forest was trained using 100 estimators. Experiments provided
in [12] for the pre-contrast and the third post-contrast instants were performed
again using the same pipeline and evaluation protocol.

3.1 Performance

Forty-four features were selected after the feature selection described in 2.2. In
particular, our strategy guarantees that in at least 5 out of 7 DCE-MRI instants
features are informative, uncorrelated, and statistically significant. In addition, 6
and 8 features were selected via SFS for the training signature on the pre-contrast
and third post-contrast instants, respectively. Seven features were selected via
SFS when the features of all instants have been concatenated (multi-instant Ran-
dom Forest). All 44 features were employed to train the GNN. Table 1 presents
the performance metrics of different models, including individual instants as well
as combined approaches (Multi-instant Random Forest and GNN).

When considering only the features from instant 1 (pre-contrast) and instant
4 (third post-contrast) independently, both achieved comparable performance,
with RF trained on instant 1 slightly outperforming RF on instant 4. This obser-
vation suggests that these individual time instants contain valuable information
for classification. However, the real breakthrough emerges when the information
across all time instants are combined. The multi-instant RF model trained using
all the instant employing a feature concatenation exhibits a notable boost in per-
formance across all metrics compared to single-instant models. This proves the
significance of leveraging temporal context and sequential dependencies within
the data to improve classification accuracy. The performance of the GNN model,
which incorporates a fully connected graph neural network architecture, closely
parallels that of the Multi-instant RF model. In terms of performance, a gap
between single instant RF and models that incorporate all the instants is high-
lighted. This is particularly evident when analyzing PPV metrics, in which the
multi-instant RF model exhibited a PPV of 0.775± 0.125, indicating its ability
to accurately identify malignant lesions while the GNN model shows a PPV of
0.797± 0.146.
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Table 1. Calculated performance. Inst 1 and 4 are RF trained on pre-contrast and
post-contrast instants. Multi is the multi-instant RF. GAT is the fully connected GNN.

Model Accuracy AUROC Sensitivity Specificity PPV NPV

Inst 1 0.710 ± 0.107 0.774 ± 0.109 0.720 ± 0.157 0.699 ± 0.168 0.721 ± 0.129 0.721 ± 0.123

Inst 4 0.700 ± 0.108 0.747 ± 0.108 0.694 ± 0.148 0.706 ± 0.173 0.725 ± 0.130 0.699 ± 0.126

Multi 0.742 ± 0.095 0.782 ± 0.113 0.722 ± 0.134 0.763 ± 0.159 0.775 ± 0.125 0.734 ± 0.107

GAT 0.742 ± 0.132 0.788 ± 0.089 0.686 ± 0.178 0.797 ± 0.181 0.797 ± 0.146 0.723 ± 0.147

3.2 Explaining predictivity of DCE-MRI sequence

Explaining the Multi-Instant RF using Permutation Importance Per-
mutation importance was implemented to explain the multi-instant Random
Forest [1]. This method consists of a baseline model evaluation, then a feature
column is permuted and the metrics are computed again to evaluate the impact
of that feature. Accuracy, precision, and recall were considered. Figure 2 shows
the importance of each feature contributing to the radiomic signature. The plot
shows the main importance of wavelet-HLH_glcm_Imc2 coming from the first
instant, but overall, all features contribute to the model.

Fig. 2. Feature importance computed using Permutation Importance for the multi-
instant RF. All the features are wavelet-derived and the last number represents the
time-instant from which the feature comes from. Imc: Informational Measure of Corre-
lation; SAE: Small Area Emphasis; SALGLE: Small Area Low Gray Level Emphasis;)

Explaining the FC-GNN using Occlusion Sensitivity Occlusion sensitiv-
ity was implemented to evaluate the contribution of each node within the graph.
This technique, which has been widely used in image analysis [16], is based on
assessing how much a model’s output changes when specific parts of an image
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are occluded. The fundamental assumption is that the greater the change in the
output caused by occluding a particular area, the more influential and important
that area is for the task. Similarly, in the context of GNNs, the objective is to
determine the importance of each node and, by extension, each time instant in
the DCE-MRI sequence. Figure 3 illustrates the variation in error correspond-
ing to the exclusion of each node. A higher error relative to the model using
all nodes (indicated by the red dashed line) signifies a greater influence of that
node on classification accuracy. The pre-contrast and third post-contrast instants
emerge as the most important. This finding aligns with the instant-wise analysis
presented in [12].

Fig. 3. Instant importance computed via occlusion sensitivity.

4 Discussion and Conclusions

While classification using individual instants yields respectable results, the in-
tegration of temporal information through concatenation or employing deeper
architectures such as GNNs leads to substantial performance improvements. This
result is particularly evident when the PPV metric is analyzed. The high PPV
achieved by the multi-instant RF and GNN models in our study underscores
the importance of reliable malignancy predictions in breast cancer classification.
A high PPV signifies a low rate of false positives, which is critical in clinical
decision-making processes, particularly when determining whether further inva-
sive procedures such as biopsies are warranted. Our findings suggest that these
models hold promise in assisting healthcare professionals in accurately identify-
ing malignant lesions, thereby optimizing patient care and resource allocation.
Despite the added complexity of GNNs, their performance gains are not signifi-
cantly superior to the simpler multi-instant RF in this scenario. This observation
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suggests that while deep learning models like GNNs offer powerful capabilities to
capture intricate patterns within the data, their advantage over shallower models
may not be pronounced when dealing with relatively smaller datasets [11].

The explanation of GNN and multi-instant RF models underscored the sig-
nificance of integrating all temporal instances for enhanced breast cancer clas-
sification. Moreover, it was supported that the pre-contrast instant, along with
the third post-contrast instant, are the most informative for classification [12].
The third post-contrast instant result is particularly intuitive, as by this instant,
both benign and malignant lesions typically exhibit full absorption of the con-
trast agent. Regarding the pre-contrast instance, the lesion’s contours and the
lesion itself have not yet been highlighted by the contrast agent, thus preserving
all original information, with unaltered and undistorted graylevels.

In addition to presenting an enhanced model for breast cancer classification
in DCE-MRI, the results derived from explainable AI methods have yielded
valuable insights for radiology clinicians.
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