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Abstract. Patients with brain metastases (BMs) treated using stereo-
tactic radiosurgery (SRS) undergo longitudinal MRI to monitor response,
yet outcomes vary substantially between lesions across and within pa-
tients, reflecting biological heterogeneity and differences in radiosensi-
tivity. Modeling response is challenging due to heterogeneous temporal
dynamics and irregular follow-up schedules, with varying numbers of
scans per patient. Conventional machine learning relying on fixed, regu-
larly sampled inputs is therefore limited to predict BM response to SRS.
We present a large retrospective post-SRS dataset of 4,766 lesions from
568 patients, monitored with contrast-enhanced T1-weighted MPRAGE
and T2-weighted MRI over a mean/median duration of 316/214 days. We
formulate lesion-level response prediction as (i) future complete response
(CR) classification at flexible temporal horizons and (ii) survival analysis
with time to complete response (TCR) as the event (53% event rate).
We propose a time-aware framework for irregular longitudinal data based
on gated recurrent units (GRU). Absolute time since SRS is explicitly
encoded and integrated with dynamic lesion-level imaging features and
patient-level static covariates. The model processes variable-length input
sequences and supports flexible prediction horizons within a unified ar-
chitecture. Our approach outperforms MLP and XGBoost baselines that
require fixed input representations, achieving a C-index of up to 0.77 for
TCR prediction and AUCs between 0.74 and 0.90 for CR classification.
This work establishes a scalable framework for personalized longitudi-
nal response modeling in SRS-treated BMs. Code will be released upon
acceptance.
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1 Introduction

Brain metastases (BM), the most common intracranial tumors in adults, are
a major source of morbidity and mortality. Stereotactic radiosurgery (SRS) is
a standard treatment for BM, offering high local control while sparing healthy
tissue. Following SRS, patients undergo longitudinal MRI to monitor lesion re-
sponse and detect progression. Despite standardized imaging, treatment adapta-
tion remains largely reactive, relying on visual assessment rather than lesion-level
risk modeling. Longitudinal post-SRS imaging enables lesion-level response pre-
diction. Individual metastases can follow heterogeneous trajectories, influenced
by tumor biology, treatment, and patient factors. Accurate prediction could en-
able earlier treatment adaptation, such as intensified monitoring, retreatment,
or alternative therapies. Modeling lesion-level outcomes is challenging due to ir-
regular follow-ups, varying observation counts, and the need to integrate lesion-
and patient-level information. Clinically relevant prediction horizons also vary
from the next follow-up to one year or more.

Machine learning (ML) has increasingly been applied to predict patient out-
comes after SRS. Early studies used radiomic features from pre-treatment MRI
with clinical variables to predict local control or progression, showing moderate
performance (AUC ≈ 0.71–0.77) [10]. Later work integrated multimodal MRI
and clinical factors, reporting high accuracy (AUC ≈ 0.93–0.95) [11], and sys-
tematic reviews confirm the promise of ML in predicting treatment response and
local failure in SRS-treated BMs, identifying imaging, dosimetric, and clinical
biomarkers, while underscoring the need for larger cohorts and consistent out-
come definitions [9, 13]. Large-scale challenges such as BRATS-METS [16] have
accelerated development and benchmarking for BM segmentation and analysis.

Beyond static baseline prediction, recent work has exploited longitudinal
imaging through follow-up curation, lesion trajectory clustering, and graph ML
for fixed-horizon response prediction [15]. Cho et al. [6] used a convolutional-
GRU architecture to model longitudinal MRI and radiomic features for lesion-
level treatment response prediction after SRS, demonstrating the value of tempo-
ral information for response modeling. Survival prediction models using clinical
variables via hybrid ML have shown potential for estimating overall survival af-
ter SRS [17]. However, these approaches typically rely on fixed horizons or static
feature aggregation and do not handle irregular follow-ups or dynamic temporal
dependencies. More generally, temporal deep learning methods have emerged
as a powerful approach for modeling longitudinal clinical and imaging data by
capturing disease evolution across multiple follow-up visits while accommodat-
ing variable-length sequences and irregular sampling. Recurrent neural networks
such as gated recurrent units (GRUs) [5] provide an efficient framework for learn-
ing temporal dependencies in longitudinal medical data [7], whereas transformer-
based architectures have recently demonstrated strong performance for large-
scale sequential modeling by leveraging attention mechanisms [14, 18]. However,
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existing approaches typically focus on patient-level outcomes and do not sup-
port flexible prediction horizons or jointly model longitudinal lesion response
and time-to-event outcomes.

In this work, we introduce a large post-SRS BM MRI cohort of 4,766 lesions
from 568 patients. We formulate lesion response prediction as both future out-
come classification at flexible temporal horizons and survival analysis for time
to complete response (CR), where each lesion is a distinct observation. The
contribution lies in the unified lesion-level longitudinal formulation and flexible
horizon-conditioned framework, rather than in architectural novelty. We pro-
pose a GRU-based temporal framework that encodes irregular time gaps, models
variable-length lesion trajectories, and integrates patient covariates. By jointly
modeling longitudinal dynamics and time-to-event risk at the lesion level via
multitask learning, our approach enables personalized response prediction and
data-driven follow-up planning.

2 Methods

2.1 Dataset

This retrospective study includes patients treated for BMs at the Lausanne Uni-
versity Hospital (CHUV) with contrast-enhanced T1-weighted (T1w) MPRAGE
and T2-weighted (T2w) MRI acquired prior to SRS (t0) and approximately every
two months thereafter as part of clinical follow-up. The study was approved by
the Research Ethics Committee of Vaud Canton, Switzerland (No. 2024-00100).

All data, extended from [15], were derived from a private institutional clinical
database and are not publicly available due to privacy and regulatory constraints.
Before applying the automated preprocessing pipeline (described below), the co-
hort comprised 1,134 patients, with an average of 13.6 MRI studies that spanned
on average 874 days (min. 0, max. 6358) per patient. About one-third of scans
originated from external imaging centers, increasing acquisition diversity.

2.2 Automatic Preprocessing and Feature Extraction

Raw DICOM files were filtered and organized by selecting relevant images and
ROIs (RTSTRUCTs from radiotherapy) based on metadata, then converted into
a BIDS-like structure. ROIs were automatically matched to the corresponding
MRI in the patient timeline, and longitudinal series were cleaned by removing
large gaps between follow-ups (≥4 months), redundancies, and pre-treatment
planning scans. Spatial alignment was performed by affine registration of base-
line and subsequent MRIs using ANTs [3], ensuring consistent lesion localization
across timepoints. UNet-based re-segmentation [1] propagated delineations from
the initial treatment MRI to all follow-up MRIs, achieving lesion correspon-
dence over time. Patients with brain primary cancer or lesions without follow-up
were excluded. After preprocessing and quality control, this pipeline produced
a curated dataset of 4,766 lesions from 568 patients with complete longitudinal
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data, providing a unique large-scale fully automated resource for longitudinal
BM imaging studies. Mean and median lesion follow-up durations were 316 and
214 days, respectively (442 and 280 days at the patient level as lesions may not
appear simultaneously). The observed lesion-level CR rate was 47.6%, with a
median initial lesion volume of 40 mm3 (IQR: 134). Each lesion was character-
ized at every timepoint by 200 dynamic radiomic features extracted from T1w
and T2w imaging (93 intensity and texture features from both, and 14 shape
features). Approximately 20% of T2w images were unavailable, for which T2w-
derived features were set to zero prior to model input. These radiomic features
are used by all models including baselines and the proposed temporal GRU. In
addition, six static patient-level variables s were incorporated: primary cancer
type, brain region, sex, weight, height, and age at onset. Feature extraction and
preprocessing were strictly performed in a time-causal manner, ensuring that for
each timepoint only data acquired up to that visit was used, with no access to
future scans or outcomes.

For outcome modeling, lesion-level RANO-BM response [2] was automatically
derived from longitudinal lesion volumes at each follow-up: complete response
(CR), disappearance of the lesion; partial response (PR), >65.7% decrease from
baseline; progressive disease (PD), >72.8% increase from nadir; and stable dis-
ease (SD), neither PR nor PD.

2.3 Models and Training

Baseline models We compare against multilayer perceptron (MLP) and gradient-
boosted decision tree (XGB) [4] baselines. Because these models require fixed-
length inputs, they cannot handle variable-length longitudinal sequences. For a
given lesion, dynamic radiomic features from n ∈ [1, 5] timepoints are concate-
nated and combined with static patient covariates s to form a fixed-length feature
vector. Lesions with fewer than n timepoints are discarded. Separate models are
trained for each input length n, for each task-specific prediction setting, and for
each horizon (classification task).

For survival modeling formulated as time to complete response (TCR), the
MLP and XGB baselines predict lesion-specific risk from the concatenated multi-
temporal features. The MLP consists of two fully connected layers with ReLU
activations, batch normalization and dropout, followed by a linear layer produc-
ing a scalar risk score, and is trained using the Cox partial likelihood (learning
rate, lr = 1e−3, early stop on validation C-index with patience = 5). The XGB
model (1000 trees, lr = 0.05) is trained with a Cox proportional hazards loss,
directly optimizing the Cox negative log-likelihood and outputting a scalar risk.

For response prediction, the same MLP and XGB architectures are used to
predict RANO-BM response categories at a fixed future horizon (∆t ∈ [6, 9, 12, 18]
months). In addition to the input length n, separate models are trained for each
prediction horizon ∆t, and lesions with insufficient follow-up are excluded. The
MLP outputs logits over four response classes (complete response, CR, partial
response, PR, stable disease, SD and progressive disease, PD) and is trained
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using focal loss, while XGB performs multiclass classification trained with cross-
entropy loss.

Temporal GRU The architecture is illustrated in Fig. 1. Full implementation
details are available on GitHub. Given dynamic radiomic features extracted from
B lesions X ∈ RB×T×Ddyn observed at irregular follow-up times t ∈ RB×T

(T = 12), padding mask M, and static patient covariates s ∈ RB×Dstat , follow-
up times are first log-transformed:

t̃ = log(1 + t),

and concatenated with the dynamic lesion features before projection:

Z0 = [X, t̃]Wdyn + bdyn ∈ RB×T×d,

where d = 64.
Longitudinal lesion evolution is modeled using a GRU encoder operating

on variable-length sequences. The temporal encoder is interchangeable; a trans-
former implementation was also evaluated but performed worse. Padded obser-
vations are ignored via packed sequence processing, and the final hidden state is
used as the temporal representation:

h = GRU(Z0,M).

Static patient covariates are concatenated with the temporal representation:

z = [h; s],

and passed to two prediction heads.
A survival head produces a lesion-specific risk score:

r = frisk(z),

optimized using the Cox proportional hazards loss [8].
For future response prediction at horizon ∆t (in months), the representation

is conditioned on the target time:

d∆t = MLPt(log(1 +∆t)),

which is projected and added to the fused representation:

z∆t = z+W∆td∆t.

The final representation is used to predict lesion response (CR/non-CR) at
horizon ∆t, optimized with a focal loss.

While the primary clinical endpoint of interest is binary CR/non-CR predic-
tion, we supervise training using four-class RANO response categories to leverage
finer-grained intermediate response information.
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Fig. 1: Overview of the proposed temporal GRU model for variable-length longi-
tudinal lesion follow-up. The GRU encoder models lesion evolution from irregu-
lar follow-up observations and jointly predicts time-to-complete response (TCR)
risk and future lesion response at flexible prediction horizons.

Training Protocol Models are trained using mini-batch (B = 128) gradient
descent with the AdamW optimizer. Categorical encodings, feature normaliza-
tion and selection are fitted on the training split. Low-variance (< 0.01) and
highly correlated (> 0.90) features are removed and the resulting feature sub-
set is used in the validation and test sets. Regularization is achieved through
dropout on dynamic and static features, as well as temporal truncation.

Training is performed using patient-level 5-fold cross-validation, ensuring
that lesions from the same patient do not appear across splits. Early stopping
(patience = 5, lr = 1e− 4) is applied using 80/20 internal train–validation split
within each training fold of the cross-validation. Average training runtime per
fold on a 32GB V100 is 682s for the temporal model (45k trainable parameters),
181s for an MLP, and 58s for XGBoost (both single-timepoint survival models).

Evaluation Survival performance (TCR) is evaluated using Harrell’s concor-
dance index (C-index) and time-dependent AUC. Future response prediction
is assessed using binary CR/non-CR ROC AUC. Similar trends were observed
with Precision-Recall AUC and Matthews correlation coefficient, which are not
reported for brevity. Predictions at a given horizon ∆t are evaluated only for
lesions still under observation at that time. Statistical significance is evaluated
using a nested bootstrap, resampling patients within each fold and aggregating
fold-level metrics to estimate the mean and its 95% confidence interval (CI).
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(a) C-index (b) Mean Cumulative/Dynamic AUC

Fig. 2: TCR survival performance with CIs.

Statistical tests, namely two-sided paired non-parametric bootstrap hypothesis
tests, are performed only between models sharing the same architecture (tempo-
ral models in ablation studies). Other statistical comparisons between temporal
and baseline models are performed with CIs, where hypothesis testing with p-
values is not conducted due to differences in input sequence lengths.

To summarize global classification performance, we integrate the AUC across
different numbers of input follow-ups for a given prediction horizon (Figure 3b).
For fair comparison, the integration range is identical across models, from 0 to
the minimum of their maximum input lengths.

Evaluation is challenging due to comparisons across models, horizons, and
input lengths. For classification, longer horizons reduce the number of eligible le-
sions, while longer inputs exclude lesions that already achieved CR. While longer
inputs provide more context, they also reduce the proportion of future CR events
and require the model to distinguish lesions that persist over time. Survival anal-
ysis is simpler in that C-index does not require multiple horizon evaluation, yet
input lengths also vary together with the number of lesions available. Comparing
baseline and temporal models adds further complexity, as baselines use a fixed
number of inputs, whereas the temporal model can leverage all inputs up to a
given follow-up (e.g. 3–9 months). In both cases, we report the mean number of
input follow-ups for comparison.

3 Results

3.1 Complete Response Risk Prediction

TCR risk prediction (survival task) results are shown in Fig. 2. The baselines
and the temporal model have different mean input follow-ups because the former
must be evaluated at fixed number of timepoints, which are of varying days, while
the latter is evaluated at different numbers of timepoints, using all follow-ups
≤ m, m ∈ [0, 3, 4, 5, 6, 9] months.
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(a) AUCs (mean ± stdev) of proposed tem-
poral model

(b) Integrated AUCs across all horizons

(c) AUCs horizon 182 days (d) AUCs horizon 365 days

Fig. 3: Classification results including (a) CR AUCs of the temporal model at
multiple horizons and with varying follow-up lengths; (b) Integrated CR AUCs
for all horizons for the 3 models; and CR AUCs at horizons (c) 182 and (d) 365
days.

3.2 Horizon Future Response Classification

CR classification results are reported in Fig. 3. All predictions of the proposed
temporal model are obtained with a single model, using all available types of
dynamic and static features. Individual MLP and XGB models are trained, with
the same features, for each horizon/input-length combination.

3.3 Ablation Studies

Effect of multitask learning. We evaluated the benefit of jointly modeling
survival and future response. Multitask learning improved the average C-index
by +1.98 percentage points (pp) as compared to using the survival head only (p <
.001). Conversely, using the classification head showed that multitask learning
also boosts CR classification performance by +3.17pp (p < .001) on average.
These results confirm that combining both tasks benefits each objective.
Impact of input features. For the temporal model, the best performance
was achieved using all dynamic and static features. Compared to using only
lesion volume and only radiomic features, the C-index improved by +8.99pp
(p < .001) and +0.48pp (p < .001). CR classification AUCs also increased, with
+8.98pp (p < .001) and +0.43pp (p < .001) on average across all horizons versus
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volume-only and radiomics-only, respectively. This indicates that the proposed
model effectively leverages the full set of dynamic and static covariates, while
simpler baseline models benefit less from additional features (best MLP C-index
with volume only). Most of the informative dynamic signal is captured by T1w
features. Using only T1w features resulted in a marginal improvement of +0.10pp
in C-index and +0.15pp in CR AUC, whereas using only T2w features led to a
decrease of -1.59pp in C-index and -1.45pp in CR AUC.

4 Discussions and Conclusion

We presented a large-scale, longitudinal dataset of 4,766 brain metastases from
568 patients, curated via an automated pipeline and featuring long-term follow-
up. This cohort is unique in both size and temporal coverage, enabling robust
evaluation of lesion-level response prediction. A limitation of this study is the
retrospective, single-center nature of the dataset, without external validation,
although the cohort includes MRI examinations acquired at multiple referring
imaging centers, providing substantial imaging heterogeneity.

Our time-aware framework handles variable-length inputs, flexible prediction
horizons, and joint TCR survival and response classification. In contrast, baseline
MLP and XGBoost models are limited to fixed input lengths, fixed prediction
horizons (e.g. 1 year) and single tasks. The proposed model consistently outper-
formed baselines, achieving the highest C-index (up to 0.77) and improving CR
classification across all horizons. Although instantiated here with a GRU, the
framework can accommodate other temporal encoders. A transformer variant
was also evaluated but achieved lower performance.

The proposed model performed consistently across follow-up durations and
horizons (C-indices > 0.69, AUCs > 0.74). Predictions improve with more time-
points, though this is partly obscured by evaluations limited to lesions with long
follow-up and no CR events within the input period. Small lesions at baseline
were associated with more CR events (Spearman ρ = −0.34, p < .001) and
longer time to CR (ρ = 0.28, p < 0.001). However, volume had minimal im-
pact on predictive performance (∆C-index Q4–Q1=+0.009, average across in-
put lengths). Primary cancer type showed stronger outcome heterogeneity (Chi-
square p < 0.001; Kruskal–Wallis p < 0.001), with subtype-specific C-indices
ranging from 0.768 (kidney) to 0.804 (melanoma) (∆C-index=0.036).

These results demonstrate the potential clinical value of lesion-level, horizon-
flexible prediction. By identifying lesions at higher risk of persistent disease or
delayed response, the model could inform more proactive monitoring, retreat-
ment planning, or individualized follow-up schedules. Future work will explore
additional features including imaging features from MRI foundation-models [12]
and additional treatment information. This analysis isolates imaging-derived and
temporal signal from clinical and treatment context; the incorporation of sys-
temic therapy, dosimetric, and histological variables is left to future clinically-
oriented work. Pretraining strategies such as predicting features at random time-
points, as well as regressing lesion volume may further improve performance.
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Overall, our study establishes a scalable, multitask framework for personal-
ized, lesion-level longitudinal response modeling in brain metastases, with both
methodological and clinical relevance.
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