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Abstract. Pontine infarction is a high-risk subtype of ischemic stroke,
which can easily lead to severe neurological dysfunction and even death,
posing a high risk of disability and death. Accurate infarct segmentation
and early prediction of Early Neurological Deterioration (END) are crit-
ical for treatment planning. However, prior work often treats these tasks
separately or lacks explicit inter-task information transfer in multi-task
settings. This results in the inability of segmentation-learned evidence of
lesion structure to be used in classification tasks, while the risk discrim-
ination signals of classification tasks cannot inversely constrain segmen-
tation, limiting its reliable use in clinical decision-making. We propose
PINet, a multimodal multi-task framework that jointly performs infarct
lesion segmentation and END prediction with explicit cross-task fea-
ture interaction. PINet integrates Discrete Wavelet Transform (DWT)
and its inverse into an encoder—decoder to replace pooling/upsampling,
preserving high-frequency boundary details and improving small-lesion
representation. A dual-task guided fusion module is designed to deeply
fuse MRI features with clinical variables and learn task-specific repre-
sentations. To model slice-wise continuity and long-range non-local de-
pendencies in brain MRI, we further introduce a Mamba-based state-
space global aggregation module that accumulates global context via
sequential state propagation. Finally, a multimodal interaction classi-
fier captures imaging—clinical correlations to enhance END prediction.
Experiments on an in-house dataset of 386 patients with five-fold cross-
validation show PINet consistently outperforms state-of-the-art methods
on both tasks, demonstrating the benefit of explicit inter-task interaction
and multimodal global-context modeling for stroke risk assessment. Our
code is available at https://github.com/LDS151/PINet.
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1 Introduction

Brainstem stroke is one of the deadliest types of stroke, with pontine infarc-
tion (PI) being the main subtype, accounting for approximately 60%-85% of
brainstem strokes [12,/19]. Despite advances in reperfusion therapies and multi-
modal imaging, outcomes for a substantial proportion of patients remain poor.
Early Neurological Deterioration (END) is a key contributor, occurring in ap-
proximately 20%-40% of patients |23] and strongly associated with long-term
disability [204/26]. Owing to the dynamic and heterogeneous nature of infarct
progression, subtle imaging cues and fluctuating clinical indicators are difficult
to identify reliably by manual assessment. Current evaluation of infarct volume
and END risk still relies on subjective bedside judgment and manual ROI anno-
tation, which is time-consuming and prone to inter-observer variability [4], while
failing to exploit high-dimensional cross-modal interactions for precise interven-
tion. Therefore, there is an urgent need for automated, integrated frameworks
that can simultaneously segment lesions and deliver robust END predictions.

Existing Pl-related models still suffer from two critical limitations. First,
most approaches decouple lesion segmentation from END prediction [3}/10}[13]
161[22/|24], thereby breaking the clinical structure—function evidence chain. Clin-
ically, END is often associated with dynamic infarct expansion and involvement
of eloquent functional territories; without joint modeling, predictors cannot fully
exploit lesion-specific evidence such as lesion volume, topography, and territorial
patterns |17]. Conversely, without prognostic supervision, segmentation models
tend to optimize only voxel-wise similarity, may fail to emphasize END-relevant
regions, and are more likely to be confused by similar imaging patterns, ulti-
mately degrading both segmentation accuracy and clinical credibility [9]. Second,
while various multimodal methods [7}/11}14] can fuse heterogeneous information,
many still pursue a single, uniform fusion representation, lacking task-specific
tuning, leading to modal dominance and gradient imbalance. Segmentation re-
lies more on local boundaries and texture cues, while end-prediction depends
more on lesion morphology, spatial distribution, and global context. Without
task-guided fusion, the fused features may fail to meet the diverse information
needs of segmentation and prediction, thus limiting effective cross-modal inter-
action and downstream performance.

To address these issues, we propose PINet to jointly perform lesion segmen-
tation and END prediction by deeply integrating imaging and structured clinical
data. The main contributions of this work are summarized as follows. First, we
replace average pooling in U-Net with a bijective discrete wavelet transform
(DWT) and inverse wavelet transform (IWT) invertible scale transform, which
reduces spatial resolution while avoiding irreversible information loss. Second,
we propose a Dual-Task Guided Fusion Module (DGFM), which achieves deep
fusion of clinical information and imaging features and produces task-specific fea-
ture representations for different tasks. Third, considering that END depends on
whole-brain lesion distribution, slice-wise continuity, and remote inter-regional
associations, we introduce a Mamba Global Feature Aggregator (MGFA) that
leverages the recursive modeling property of state-space models to accumulate
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Fig. 1. Overview of PINet. The architecture integrates DWT/IWT for mitigating
the irreversible loss of subtle lesion cues and a DGFM for cross-modal integration. A
MGPFA is employed to capture long-range dependencies, while a MSOFC performs the
final prediction. DC denotes DoubleConv.

context at the whole-brain scale for capturing long-range non-local dependen-
cies, while maintaining controllable computational and memory costs. Fourth,
we propose a Multimodal Second-Order Fusion Classifier (MSOFC), which ex-
plicitly models pairwise interactions between imaging and clinical features via
second-order statistics, thereby enhancing cross-modal synergistic information
utilization to improve END prediction performance.

2 Proposed Method

2.1 Overview

As shown in Fig. [ PINet has three stages and takes a 3D MRI volume as
input, which it treats as an ordered set of 2D slices. In the first stage, a wavelet-
based encoder extracts features from each slice, while a separate tabular encoder
converts the clinical variables into embeddings. Next, the DGFM integrates the
imaging and clinical features to produce compact, task-specific representations.
In the final stage, the segmentation pathway reconstructs slice features using the
IWT and generates a 2D lesion map for each slice. For classification, the MGFA
captures patient-level patterns by modeling all slices from the same individual,
and the MSOFC uses the fused information to predict END progression.

2.2 Wavelet-based Pooling

Due to the morphological diversity and small size of pontine infarction lesions,
conventional downsampling easily causes irreversible loss of subtle lesion fea-
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tures and spatial information. To address this issue, we introduce a determin-
istic wavelet-based mechanism that uses the DWT and IWT. This design pre-
serves essential structural content and frequency details when downsampling
each slice. In the encoder, DWT is implemented using stride-2 grouped con-
volutions with fixed Haar wavelet filters, yielding an invertible decomposition
of Ff“t into four sub-bands: LL;, LH; HL;, HH,. The low-frequency com-
ponent LL;, which captures coarse structural patterns, is forwarded to subse-
quent stages. The high-frequency components are concatenated as a residual,
H, = Concat(LH;,HL;, HH),), and stored for the decoder, as they contain
fine-scale information such as lesion boundaries and surrounding texture. By re-
taining H;, the model avoids suppressing weak micro-lesion signals during deep
feature extraction and maintains the full frequency content needed for accurate
reconstruction. The resulting bottleneck representation is F;, € R7exWoxCh
The decoder restores spatial resolution using multi-stage IWT. At each stage,
features are first projected to a consistent channel dimension and refined using
a 1 x 1 convolution, after which IWT is applied as D; = IWT(D,, H,). This
operation recombines the low-frequency features with the stored high-frequency
coefficients H; in the frequency domain to recover fine details. The reconstructed
features D, are then concatenated with the corresponding encoder features F}’“t,
integrating high-level representations with high-resolution spatial detail.

2.3 Dual-Task Guided Fusion Module

To simultaneously achieve deeper cross-modal fusion between imaging and clini-
cal data, and to provide targeted discriminative representations for downstream
multi-task learning, we propose a Dual-Task Guided Fusion Module (DGFM)
that combines visual and tabular features and produces task-specific bottleneck
representations for segmentation and classification. Given the visual bottleneck
features F', for each slice and the patient’s tabular representation F';, within this
shared space, visual features serve as queries, and tabular features provide the
keys and values. We compute the fused representation using multi-head cross-
attention: Fjysion = MHCA(Q, K,V'). We then add residual connections to
preserve the original visual information and to stabilize optimization. Because
classification is typically more sensitive than segmentation to subtle texture cues
and local structural differences, we incorporate intermediate features H F'; and
HF, to provide additional high-frequency and local structural information. Us-
ing convolution and downsampling, we align their spatial resolutions and channel
dimensions and compress them into enhanced representations H F'} and H F",.
Finally, we construct task-specific bottleneck representations as follows:

Fseg = ¢3(Ffusiovn)7 F.s = ¢c([Ffusion;HF/1;HFl2D , (1)

where ¢(-) and ¢.(-) are 1x1 convolutional projection heads.

2.4 Mamba Global Feature Aggregator

END prediction depends not only on local lesion properties but also on how
lesions are distributed across the whole brain and how they co-vary globally.
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To capture this information, we introduce MGFA, which performs patient-level
global modeling using the bottleneck feature maps produced by the DGFM.
For each patient, we split the bottleneck feature maps from all slices into fixed-
size patches and project each patch into a vector embedding. Then, we sort
these patch embeddings according to the Hilbert curve within each slice to ob-
tain a slice sequence, and directly concatenate the slice sequences according to
the anatomical order of the slices to form a single patient-level sequence. To
retain spatial structure within each slice and depth relationships across slices,
we incorporate three-dimensional positional encoding. A learnable CLS token is
prepended to the sequence to summarize global information for downstream pre-
diction. Building on this global sequence, we further introduce Feature Channel
Flipping (FCF) to preserve anatomical continuity while strengthening bidirec-
tional dependency modeling. Unlike traditional Bi-Mamba [27], which reverses
the token order, FCF keeps the token order unchanged and instead reverses
the feature channels within each token to obtain a complementary represen-
tation. Let Zog = [2(1),...,2(L)] € RL*? denote the input token sequence,
where 2z(i) € R? is the i-th token embedding, z(i) = [21(i), 22(i), - . ., z4(7)]. The
feature-channel flip is defined as:

FCF(z(1)) = [2a(%), 2a—1(%), ..., z1(2)]. (2)
Then, by calculating and connecting the residuals, we obtained result Z:
Z =Zy+SSM(Z,) + FCF(SSM(FCF(Zy))) . (3)

The CLS token and image token sequence in Z are separated for subsequent
prediction tasks.

2.5 Multimodal Second-Order Fusion Classifier

To better exploit cross-modal interactions for END prediction, we propose a
Multimodal Second-Order Fusion Classifier (MSOFC). We first concatenate the
image token sequence with the clinical tokens to form a unified token set and
apply a self-attention layer to model dependencies between the two modalities.
Let T € RV*X4 denote the output token features after self-attention. We then
summarize the attended tokens using Global Covariance Pooling (GCP) [21] to
capture second-order cross-token statistics. Specifically, we project T' to obtain
U = ¢(T) € RN*? and compute the covariance matrix followed by Matrix
Power Normalization (MPN) for numerical stability:

1 _ _
¥Y=——U-U)U-0)"
U -O)T,
Next, we adaptively fuse g, , with the classification token from the MGFA
module, denoted by g,:

Gy = MPN(). (4)

Gtuse = ¥ Gcls + ﬂggcpv (5)

where o and § are learnable scalar weights. Raw clinical markers are mean-
pooled and linearly projected to obtain g.;. The fused representation and gg;
are then concatenated and fed into an MLP for END prediction.
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3 Experiment

3.1 Data and Implementation

Data Preparation. Due to the scarcity of multimodal, multitask datasets, we
used a partner-hospital clinical dataset of 386 patients diagnosed with pontine
infarction. For each patient, volumetric diffusion-weighted imaging (DWI) scans
(slice thickness 5 mm; inter-slice gap 1.5 mm) were paired with structured ad-
mission clinical data. From the initial 32 variables, 11 features were selected
based on prior clinical evidence [1,/15}26] and Spearman rank-correlation analy-
sis: age, admission NIHSS score, systolic blood pressure, admission random glu-
cose, neutrophil count, lymphocyte count, platelet count, vertebrobasilar artery
stenosis, international normalized ratio, prothrombin time, and D-dimer. Pa-
tients were labeled as END-positive if the NIHSS score increased by at least 2
points during hospitalization compared with admission, and END-negative oth-
erwise. The class distribution was approximately 1:2. For preprocessing, DWI
scans were intensity-normalized, resampled to a uniform voxel size, and resized
to 224 x 224 x 20. Data augmentation (random rotations, flips, and intensity
perturbations) was applied during training only. Continuous clinical variables
were standardized using training-set statistics, categorical variables were binary-
encoded, and missing values were imputed with training-set medians. Identical
preprocessing parameters were applied to validation and test sets. The dataset
was strictly partitioned according to patients to prevent data leakage.

Implementation Details. All experiments were conducted on an NVIDIA
V100 GPU. The model was trained for 50 epochs using Adam with an initial
learning rate of 1 x 107, a batch size of 1, and a cosine annealing schedule down
to 1 x 1076, To mitigate class imbalance, we used a weighted random sampler
(we = ﬁ) The segmentation branch employed a combined Dice and BCE
loss (DiceBCELoss, positive weight = 10.0), while the classification branch used
BCEWithLogitsLoss. Segmentation and classification were jointly optimized us-
ing homoscedastic uncertainty—based automatic loss weighting, with initial loss
weights set to 1.0 for segmentation and 0.5 for classification. The optimal weights
for model selection were determined based on a comprehensive index, score (F1
+ AUC + Dice). Model performance was evaluated using five-fold stratified
cross-validation. The best-performing model from each fold was selected, and
results were reported as the mean and standard deviation across the five folds.

3.2 Experimental Results

Comparison. Table [I]provides a quantitative comparison of PINet with repre-
sentative methods [2}[5H8L11,/14L18/22L|24L125] on our self-built dataset. Overall,
PINet delivers consistently strong performance on both segmentation and clas-
sification. For segmentation, PINet achieves a Dice score of 90.9, slightly below
nnU-Net [6], which is designed exclusively for segmentation. This gap is ex-
pected: nnU-Net [6] prioritizes pixel-level optimization, whereas PINet is built
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Table 1. Quantitative comparison of the PINet against state-of-the-art methods on a
self-built dataset. The best and second-best results are indicated by bold and underline,
respectively. I denotes imaging modality, and T denotes tabular clinical data.

Method Modal Segmentation Classification

Dicet HD95] Rect Pret AUCYH
Multimodal single task
XGBoost [2] T - - 56.7+17.6 65.8+11.1 85.24+9.3
MMGL [24] I+T - - 64.3+93 827+74 845168
IRENE |25] I+T - - 63.9+12.8 809+16.3 81.7+7.8
MMCL |5] I+T - - 66.3+9.2 84.9+11.7 89.5+5.6
PI-MMNet |22] I+T - - 67.5+71 83774 889+093
nnU-Net [6] I 91.3+1.3 28405 - - -
MedSAM |[8] I+T 84.14+23 3.7+£05 - - -
TextBrats 18] I+T 77.2+36 6.240.6 - - -

Multimodal multitasking

SelfmedMAE |11 I+T 86.9+18 6.8+04 679+174 80.2+16.7 888=£6.3
ResGaNet |7] I+T 87512 48=£07 663£16.2 842+19.7 83.4+56
MTANet |14] I+T 88.7+14 33+04 626+16.0 85.14+12.0 89.3£6.7

PINet (Ours) I4+T 909+14 26+03 680+11.2 873+73 909149

to learn shared features that support both anatomical delineation and clini-
cally relevant predictive cues. Even under this setting, PINet remains highly
competitive and reduces HD95 by approximately 7.1% relative to nnU-Net [6].
For classification, PINet attains state-of-the-art results in Recall, Precision, and
AUC. Compared with MTANet [14], PINet improves the Precision by about
2.6% and the AUC by about 1.8%. It also achieves approximately 0.7% higher
Recall than PI-MMNet [22|, indicating stronger robustness and better class dis-
crimination. Notably, PINet contains 25.15M parameters, fewer than MTANet
with 29.7M parameters and SelfMedMAE with 86.6M parameters, suggesting a
more compact model scale while maintaining strong overall performance. Fig. [2]
shows qualitative results on the test set.

Ablation Study. Table [2] summarizes the ablation results. Compared with
the single-task baselines (seg-single and cls-single), the multitask framework de-
livers clear improvements across both tasks: the Dice score increases from 87.9 to
90.9 (+3.4%), HD95 decreases from 3.1 to 2.6 (-16.1%), and AUC rises from 89.1
to 90.9. Together, these gains indicate that learning segmentation and predic-
tion jointly allows the model to better integrate imaging structure with clinical
information, improving both lesion delineation and outcome prediction.

To identify which modules drive these benefits, we remove each component
in turn. MGFA contributes most strongly: removing it leads to the largest degra-
dation (Dice -4.7%, HD95 +65.4%, and AUC -7.3%). Excluding the DWT /IWT
module also reduces segmentation performance, suggesting that preserving in-
formation across multiple frequency bands during downsampling is important
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Table 2. Ablation study of PINet. Gray row represents the default full model config-
uration. When removing a module, a replacement structure with equivalent parameter
counts was used, including basic modules such as average pooling, MLP and CNN.

. Segmentation Classification
Setting
Dicet HD95] Rect Pret AUCT

seg-single 879+1.7 3.1+£0.3 - - -
cls-single - - 64.8+£15.2 85.4+14.1 89.1+5.8
w/o DWT/IWT 90.1+14 29404 673+11.4 852481 90.2+5.1
w/o MGFA 86.6 2.7 43+05 65.6+13.7 84.1+11.0 84.3+6.71
w/o DGFM 87.5+1.8 31407 66.3+16.2 84.2+11.7 86.4+5.6
w/o MSOFC 889+16 38+04 669+174 8224139 86.8+6.3
Full model 909+14 26+03 680+11.2 873+7.3 909+t49

nnU-Net MedSAM 10Xt Res SelfMed yyp\ Neg

Ours BraTS  CGANet MAE

Fig. 2. Comparisons of segmentation results by different methods and our network.

for retaining fine lesion detail. Removing DGFM lowers performance on both
tasks, highlighting the need for effective alignment between imaging and clinical
signals in multitask learning. Likewise, omitting MSOFC weakens prediction ac-
curacy, supporting the role of richer cross-modal interactions in improving END
discrimination and robustness. Overall, each component meaningfully supports
cross-modal integration and stable multitask performance.

4 Conclusion

This paper proposes a unified multimodal framework, termed PINet, for jointly
segmenting pontine infarction lesions and predicting END. The framework incor-
porates a DWT /IWT mechanism to better represent complex lesion boundaries
and subtle pathological patterns. To integrate imaging and clinical information,
PINet uses a lightweight Dual-Task Guided Fusion Module that aligns these
feature types at the semantic level while preserving representations tailored to
each task. Building on this fusion, the framework introduces an MGFA module
to capture global contextual dependencies efficiently. Finally, PINet employs an
MSOFC component to model higher-order relationships across modalities and
improve the stability of predictions. Experiments on real-world clinical dataset
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demonstrate the effectiveness and reliability of the proposed framework. How-
ever, the current experiments are limited to a single-center cohort, and multi-
center validation is needed to assess generalizability. Future work will explore a
more lightweight and efficient PINet design and extend the framework to broader
stroke types and other cerebrovascular disease analysis tasks.
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