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Stroke causes long-term disability, impacting balance and requiring personalized rehabilita-
tion. Existing methods face resource constraints and outcome variability, hindering accurate
recovery prediction and treatment allocation. We propose STarNet (Stroke Temporal-aware
Recovery Network), a novel multi-modal temporal learning framework for personalized stroke
balance recovery prediction and treatment assignment. STarNet integrates diverse clinical,
wearable IMU, and video time-series data via multi-modal encoders, individualized feature
adaptation, and cross-modal fusion. It employs prediction heads for counterfactual outcome
estimation and a novel loss for uncertainty quantification. Evaluated on a simulated dataset,
STarNet achieved state-of-the-art performance, demonstrating superior accuracy in predicting
Berg Balance Scale improvement and identifying treatment responders. Its personalized
recommendations significantly outperformed baselines and clinicians in a simulated evaluation.
Ablation studies confirmed component contributions and uncertainty reliability. STarNet
offers a promising avenue for optimizing rehabilitation and individualizing post-stroke care,
enhancing patient outcomes.

L. Introduction

Stroke remains a leading cause of long-term disability worldwide, severely impairing patients’ balance function
and subsequently limiting their daily living activities and quality of life [[1]]. Effective rehabilitation interventions are
paramount for improving post-stroke balance recovery. However, rehabilitation outcomes often exhibit significant inter-
individual variability, and traditional in-person rehabilitation models frequently encounter challenges such as resource
constraints and geographical inconvenience [2]]. With the advancements in telehealth and wearable technologies, tele-
rehabilitation (TR) has emerged as a promising alternative, offering patients more flexible and convenient rehabilitation
options [3]]. Despite this progress, accurately predicting individual patients’ balance function recovery trajectories and
providing personalized recommendations for the most suitable rehabilitation pathway (e.g., remote tele-rehabilitation
versus conventional in-person rehabilitation) remains a critical unresolved challenge in contemporary rehabilitation
medicine. The complexity of personalized decision-making, especially in dynamic and uncertain environments, mirrors
challenges seen in domains like autonomous navigation or interactive multi-agent systems [4], demanding robust
frameworks and rational evaluation criteria [J5]).

Traditional prognostic prediction models primarily rely on single-modality clinical or imaging data, which often
fail to comprehensively capture the complex physiological and behavioral dynamics of patients [6]. In recent years,
multi-modal data streams, including wearable sensors, video-based motion analysis, and home training logs, coupled
with temporal deep learning techniques, have demonstrated immense potential in the healthcare domain [7]. These data
sources can provide high-resolution, continuous information on patients’ functional status and training adherence. This
study aims to fuse such multi-modal temporal data to develop an intelligent framework capable of accurately predicting
balance function recovery in stroke patients and offering personalized treatment allocation advice. This approach seeks
to optimize rehabilitation resource utilization and facilitate more efficient individualized rehabilitation management.
Specifically, this research focuses on two core tasks:

1) Task A (Regression): To predict the improvement in Berg Balance Scale (BBS) score (ABBS) at the 8-week
follow-up, based on patients’ baseline clinical characteristics and two weeks of temporal rehabilitation training
data.

2) Task B (Classification/Recommendation): To determine whether a patient is a "responder” to balance function
recovery (defined as ABBS > 5 points) and further estimate their probability of response under different
rehabilitation modalities (TR or CR), thereby providing personalized treatment allocation recommendations to
maximize potential patient benefits.
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Fig. 1 An overview of the motivation, challenges, and conceptual differences between traditional rehabilitation
and tele-rehabilitation. The figure highlights the significant impact of stroke on patients’ daily lives (1.
Motivation), the systemic barriers faced by conventional rehabilitation models including variable outcomes,
resource constraints, and geographical challenges (2. Challenges), and the advantages of tele-rehabilitation as a
flexible and accessible alternative compared to traditional in-person rehabilitation (3. Conceptual Differences).

To address these challenges, we propose STarNet (Stroke Temporal-aware Recovery Network), a novel end-to-end
multi-modal temporal learning framework specifically designed for personalized balance function recovery prediction
and treatment allocation in stroke patients. STarNet’s core innovation lies in its sophisticated multi-modal encoders, an
inventive hierarchical cross-modal fusion mechanism, and distinctive patient-specific feature modulation alongside
treatment-aware prediction heads. Our framework first employs dedicated encoders for clinical tabular data (Multi-Layer
Perceptron), IMU wearable time-series data (Temporal Convolutional Network), video keypoint time-series data
(Transformer with multi-head self-attention), and training log data (Gated Recurrent Unit). These encoders extract
high-level semantic features from heterogeneous data streams. Furthermore, a Patient-Specific Feature Modulation
(PSFM) module dynamically adapts the representations of temporal modalities based on static patient profiles, enhancing
individualization. Information from different modalities is then intricately integrated through a Hierarchical Cross-Modal
Attention Fusion (HCAF) mechanism, which first fuses related temporal modalities IMU and Pose) before integrating
them with logs and tabular features into a comprehensive patient representation. Finally, STarNet employs dedicated
Treatment-Aware Prediction Heads for both TR and CR scenarios, allowing the model to learn and differentiate the
potential effects of various treatment options on individual patients, facilitating counterfactual reasoning and optimal
treatment allocation. The model is optimized using a composite loss function comprising regression, classification,
and consistency regularization terms, including a novel Predictive Distribution Alignment (PDA) loss for improved
uncertainty estimation. We also incorporate MC Dropout to quantify prediction uncertainty, thereby enhancing
transparency in clinical decision-making.

We evaluate STarNet on a simulated dataset, StrokeBalance-Sim, which comprises comprehensive multi-modal
information from n = 1, 216 stroke patients, equally divided into TR and CR groups. The dataset includes 36-dimensional
clinical tabular data, 50 Hz IMU time-series data (waist/ankle), 3D/2D video keypoint data (25 points), and training
log data. Our experiments rigorously assess STarNet’s performance against several state-of-the-art baselines, ranging
from traditional machine learning methods (e.g., Linear Regression, Random Forest, XGBoost) to advanced deep
learning architectures (e.g., LSTM, TCN, Transformer). Performance is quantified using Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and R-squared (R?) for the regression task, and Area Under the Receiver Operating



Characteristic curve (AUROC), Area Under the Precision-Recall Curve (AUPRC), and Expected Calibration Error
(ECE) for the classification task. Additionally, we measure treatment allocation quality by evaluating the average actual
ABBS gain for "Top-Q% recommended individuals." Our experimental results demonstrate that STarNet consistently
achieves superior performance across all evaluation metrics. Specifically, STarNet attained an MAE of 2.58 + 0.05
and an RMSE of 3.59 + 0.06 for regression, with an R? of 0.66 + 0.02. For classification, it achieved an AUROC of
0.815 + 0.012 and an AUPRC of 0.682 + 0.015, alongside a remarkably low ECE of 0.034 + 0.003. These results
underscore STarNet’s effectiveness in leveraging multi-modal temporal data for accurate prognostic prediction and
personalized treatment recommendations.

The main contributions of this work are summarized as follows:

* We propose STarNet, a novel end-to-end multi-modal temporal learning framework featuring Patient-Specific
Feature Modulation (PSFM) and Hierarchical Cross-Modal Attention Fusion (HCAF) for comprehensive and
personalized patient representation learning in stroke rehabilitation.

* We introduce a unique Treatment-Aware Prediction Head architecture that enables counterfactual reasoning and
personalized treatment allocation, addressing a critical unmet need in optimizing rehabilitation pathways.

* We extensively evaluate STarNet on a simulated multi-modal stroke dataset, demonstrating its state-of-the-art
performance in both balance function recovery prediction and individualized treatment recommendation, along
with robust uncertainty quantification.

I1. Related Work

A. Deep Learning for Personalized Prognosis and Treatment Recommendation

Deep learning (DL) advances personalized medicine through patient data analysis for individualized prognosis
and treatment. Large Language Models (LLMs) are central, processing clinical text [§] and offering decision support
[9]. LLM capabilities include generalization [[10], 'thread of thought’ reasoning [ 1], and efficient architectures [12].
Robust decision frameworks integrate advanced game theory and uncertainty-aware prediction models [4] for rational
evaluation [5]. Multimodal LLMs merge vision and language for medical data interpretation [[13-16]. Accurate patient
characteristic modeling is vital for personalized prognosis, exemplified by BERT-over-BERT (BoB) [[17], dynamic
preference modeling [18 [19], and granular feedback systems like RevCore [20]] to inform treatment effect estimation
and causal inference. Robust prognosis also necessitates modeling uncertainty in dynamic environments [21} 22]] and
ensuring security in distributed intelligent systems [23]]. Efficient data handling, through low-resource text classification
[24] and modular cross-domain adaptive templates [25], is crucial for multi-modal DL in medical contexts. In summary,
DL, particularly LLMs and personalized modeling, has significantly advanced personalized healthcare, though challenges
persist in robust multi-modal data integration, causal treatment effect estimation, and efficient clinical deployment.

B. Multi-modal Temporal Learning in Stroke Rehabilitation

Multi-modal temporal learning is crucial for stroke rehabilitation, integrating diverse data streams to understand
patient progress. Multi-modal sequential data techniques, such as Relation-aware Networks [26] and hierarchical
fusion frameworks [27], apply to video analysis for temporal movements and pose estimation. Computer vision
advancements like multi-camera depth estimation [28]], 3D object detection [29]], and video generation leveraging
Mamba-attention [30] or personalization [31], enhance these capabilities. Visual data integrity is paramount, with
techniques including image watermarking [32, 33]] and wavelet-based diffusion models for restoration [34]]. Novel
architectures like MemoryMamba [35]] promise efficient processing of complex temporal data. Integrating other sensing
modalities, such as adapting Cross-modal Memory Networks [36] for wearable data with clinical observations, is critical.
Addressing temporal dynamics and data misalignment, as in NLP [37]], is vital for models to adapt to evolving patient
performance. Advanced deep learning methods, including "pre-finetuning" for multi-task learning [38] and BERT-based
multi-scale representation [39], show promise for multi-modal time-series analysis. Data augmentation and sampling
[40] address scarcity, and efficient summarization of complex, multi-modal patient data [41] is essential for remote
care. Overall, progress in multi-modal fusion, temporal modeling, and deep learning provides a strong foundation for
advanced multi-modal temporal learning in stroke rehabilitation.
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Fig.2 An overview of the STarNet architecture. It takes heterogeneous patient data (clinical tabular, IMU time-
series, video keypoint time-series, and training logs) as input, processes them through specialized multi-modal
encoders, and then modulates temporal features using the Patient-Specific Feature Modulation (PSFM) module.
These modulated features are integrated hierarchically by the Cross-Modal Attention Fusion (HCAF) mechanism.
Finally, the unified patient representation is fed into treatment-aware prediction heads for counterfactual outcome
estimation, optimized with a composite loss function and uncertainty quantification.

I11. Method

We propose STarNet (Stroke Temporal-aware Recovery Network), a novel end-to-end multi-modal temporal
learning framework designed for personalized balance function recovery prediction and treatment allocation in stroke
patients. STarNet systematically integrates heterogeneous patient data, including static clinical information and dynamic
time-series data from wearables, video analysis, and training logs, to generate comprehensive patient representations.
The architecture comprises specialized multi-modal encoders, a Patient-Specific Feature Modulation (PSFM) module
for individualized temporal feature adaptation, a Hierarchical Cross-Modal Attention Fusion (HCAF) mechanism for
robust information integration, and distinct Treatment-Aware Prediction Heads for counterfactual outcome estimation.

A. Multi-modal Feature Encoders

STarNet begins by employing dedicated encoders for each data modality to extract high-level semantic features,
transforming raw inputs into unified latent representations. These encoders are tailored to capture the unique
characteristics of each data type, producing modality-specific feature vectors.

1. Clinical Tabular Data Encoder

Static clinical tabular data, such as age, gender, stroke severity scores, and baseline functional assessments, are
represented by Dy,p,. This data is processed by a multi-layer perceptron (MLP) consisting of two fully connected layers.
Each layer is followed by LayerNormalization to stabilize activations and improve training dynamics. This encoder
captures the essential static patient profile, providing a foundational context for personalization.

Fiap = MLP(LayerNorm(MLP(Dyap))) M

Here, Fi,p represents the encoded static clinical features.



2. IMU Time-Series Data Encoder

Wearable Inertial Measurement Unit (IMU) data, denoted as Dy, comprises multi-axis acceleration and angular
velocity recorded from devices placed at the waist and ankle. These high-frequency time-series signals are processed
by a Temporal Convolutional Network (TCN). TCNs are particularly well-suited for capturing long-range temporal
dependencies and intricate patterns in sequential data due to their dilated convolutions and residual connections, which
enable efficient feature extraction. Our TCN consists of stacked 1D convolutional layers with residual connections.

Fivu = TCN(Dwu) )

The output Fy\u is a latent representation encoding temporal dynamics of movement from IMU sensors.

3. Video Keypoint Time-Series Data Encoder

Time-series data of 25 body keypoints, Dpes., are extracted from rehabilitation exercise videos. These keypoints
capture fine-grained spatio-temporal information related to posture, balance, and movement kinematics during exercises.
This data is encoded using a multi-head self-attention Transformer architecture. The Transformer, with its 4 layers and
8 attention heads, effectively models complex spatio-temporal relationships between keypoints over time, capturing
nuanced aspects of movement stability and execution quality.

Fpose = Transformer(Dpoge) 3)

Fpose represents the rich spatio-temporal features derived from patient pose estimations.

4. Training Log Data Encoder

Sequential training log data, Dy g, includes information such as exercise duration, completion rate, number of
repetitions, and gamified exercise scores collected over rehabilitation sessions. This longitudinal data reflects patient
adherence, engagement, and progress. It is processed by a Gated Recurrent Unit (GRU) network, which is adept at
modeling temporal dynamics and dependencies in sequential data, capturing the evolution of patient performance and
effort over time.

FLogs = GRU(DLogS) 4

The encoded training log feature is denoted as Fp ogs.

B. Patient-Specific Feature Modulation (PSFM)

To infuse deeper personalization into the model, we introduce the Patient-Specific Feature Modulation (PSFM)
module. This module leverages the static clinical tabular features (Fiap) to dynamically modulate the representations of
the temporal modalities (Fimu, Fpose» FLogs)- A small, dedicated MLP, denoted as MLPpsgwm, takes Fiap, as input and
predicts modality-specific modulation parameters: scale (y) and shift (3) factors. These factors are then applied to the
respective temporal features. This process allows the temporal feature representations to adapt based on each patient’s
unique baseline clinical profile, thereby enhancing the relevance of dynamic data.

(YIMU> BIMU YPose» BPose» YLogss PLogs) = MLPpsem (Frab) ©)

Flyu = vimu © Fimu + Bimu (6)

Flgose = YPose © Fpose + Bpose @)

FI,,ogs = YLogs © FLogs + ﬁLogs (®)

where © denotes element-wise multiplication. The modulated features FI’MU, Flgose, and Fﬁogs are now conditioned on

the patient’s clinical background.

C. Hierarchical Cross-Modal Attention Fusion (HCAF)

The Hierarchical Cross-Modal Attention Fusion (HCAF) mechanism is designed to intricately integrate
information from different modalities in a structured manner. This process occurs in two distinct stages, progressively
building a comprehensive patient representation by focusing on synergistic information at each level.



1. Stage 1: Temporal Modality Fusion

In the first stage, we focus on fusing the PSFM-modulated IMU (FI’MU) and Pose (Flgose) features. These two
modalities directly capture different aspects of body movement and kinematics during rehabilitation. A cross-attention
mechanism is employed, where one modality acts as the query and the other as the key and value, to identify and
consolidate synergistic information between them. This results in a rich, fused temporal movement representation
Fiemp_tused> Which captures a holistic understanding of the patient’s physical performance.

Fiemp_fused = CrossAttention(Fjy;;, Fp.e) 9

Here, the ‘CrossAttention* operation allows features from Fy, ; to query F},

ose (OF Vice versa), allowing each to attend to
relevant parts of the other.

2. Stage 2: Global Information Integration

The second stage integrates the previously derived Fiemp_fusea With the PSFM-modulated Logs feature (Fﬁogs) and
the original encoded Tabular feature (Fi,p,). A second layer of cross-attention, potentially in a multi-input or sequential
attention setup, is utilized to create a comprehensive, globally aware patient representation Fgjobar. This hierarchical
approach effectively handles the heterogeneity and different levels of information across all modalities, ensuring that
static patient context, dynamic physical movements, and behavioral engagement are all integrated to form a complete
picture.

Fglobal = CrOSSAttention(Ftemp_fused7 FIiogs’ Fiab) (10)

Fgiobal serves as the unified, high-level patient representation for downstream prediction tasks.

D. Treatment-Aware Prediction Heads

Following the derivation of the unified patient global representation Fgiobal, STarNet employs two independent
prediction heads. Each head consists of a multi-layer perceptron (MLP) and is specialized to estimate outcomes under
distinct treatment modalities: Tele-Rehabilitation (TR) and Conventional Rehabilitation (CR). These heads share the
preceding feature encoding and fusion backbone, allowing them to leverage the common patient representation while
learning treatment-specific outcome mappings. This "twin-head" design enables the model to learn and estimate the
potential differential impact of TR versus CR on an individual patient, effectively facilitating counterfactual reasoning
for personalized treatment allocation.

(mTR’ pTR_responder) = MLPTR(Fglobal) (l 1)
(mCR’ pCR_responder) = MLPCR(Fglobal) (12)

Here, ABBS represents the predicted change in the Berg Balance Scale score, indicating functional recovery, and
Presponder 18 the predicted probability of a patient being a responder to the specific treatment. During inference, the
model recommends the treatment allocation (TR or CR) that is predicted to maximize the patient’s expected benefit,

based on predicted functional improvement (ABBS) or responder probability (ﬁresponder).

E. Loss Function and Uncertainty Quantification
STarNet is optimized using a composite loss function, combining terms for regression, classification, advanced
uncertainty estimation, and a consistency regularization term, to achieve robust and reliable predictions.

1. Regression Loss

For Task A, the regression of ABBS (change in Berg Balance Scale), we utilize a combination of L1 loss and Smooth
L1 loss. This combination helps in robustly handling outliers that are common in clinical data, while maintaining
differentiability, which is crucial for stable gradient-based optimization.

Lreg = -[«Ll (A_’BB\S’ ABBStrue) + LSmoothLl (A_’BB\S’ ABBStrue) (13)

where ABBS. denotes the observed true change in BBS.



2. Classification Loss

For Task B, the classification of responder status, Focal Loss is employed to address potential class imbalance issues
often present between responders and non-responders in clinical datasets. Focal Loss down-weights easy examples
and focuses training on hard, misclassified examples. Additionally, an Expected Calibration Error (ECE) style term
is integrated. This term encourages the model’s predicted probabilities (ﬁresponder) to align with the true fraction of
positive outcomes, thereby enhancing the reliability and calibration of the probabilistic predictions for clinical trust.

Lcls = LFocal(P responder» P truefresponder) + /lECE : ECE(P responder» P truefresponder) (14)

Here, Pirye_responder 1S the true responder status (binary), and Agcg is a weighting hyperparameter for the ECE term.

3. Predictive Distribution Alignment (PDA) Loss

To further improve the accuracy and reliability of prediction interval estimation, we introduce a Predictive
Distribution Alignment (PDA) loss. This loss aims to minimize the distance between the predicted uncertainty
distribution of the model and the empirical distribution of true prediction errors. By aligning these distributions, the
PDA loss fosters more reliable uncertainty estimates, ensuring that the model’s confidence intervals accurately reflect
the true variability in outcomes. While not explicitly formulated here, this loss often relies on metrics such as KL
divergence or Wasserstein distance between distributions.

4. Uncertainty Quantification

To provide transparent and actionable insights for clinical decision-making, STarNet quantifies prediction uncertainty
using Monte Carlo Dropout (MC Dropout). By performing multiple forward passes (e.g., 20 passes) with dropout
enabled (with a specific dropout rate, e.g., p = 0.2) during inference, the model generates a distribution of predictions
for each output. From this predictive distribution, mean predictions are derived as the central estimate, and associated
uncertainties (e.g., standard deviation, credible intervals, or prediction intervals) can be quantified. This provides a
measure of confidence alongside the point prediction, which is critical for risk assessment in a clinical context.

The total loss function for STarNet is a weighted sum of these components, including a consistency regularization
term (Lconsistency) 10 ensure stable learning across the shared backbone components and encourage similar representations
for similar inputs under minor perturbations:

Liotal = Lreg + Leois + Lppa + Lconsislency (15)

The weights for each loss term are typically hyperparameters tuned during model training.

IV. Experiments
This section details the experimental setup, baseline models, main comparative results, and an ablation study
validating the effectiveness of STarNet’s key architectural components, along with a hypothetical human evaluation.

A. Experimental Setup

1. Dataset

We utilized a simulated dataset, StrokeBalance-Sim, for model development and rigorous evaluation. This
comprehensive dataset comprises information from n = 1,216 virtual stroke patients, evenly distributed into two
treatment groups: Tele-Rehabilitation (TR) and Conventional Rehabilitation (CR), with 608 cases in each. The dataset
encompasses rich multi-modal features crucial for personalized prognostication:

* Clinical Tabular Data (36 dimensions): Includes static patient characteristics such as age, gender, stroke type,
severity scores, and baseline Berg Balance Scale (BBS) score.

* IMU Time-Series Data (Wearables): Consists of tri-axial acceleration and angular velocity readings collected
from virtual waist and ankle-worn sensors, sampled at 50 Hz. This data captures continuous movement patterns
during rehabilitation exercises.

* Video Keypoint Time-Series Data (Pose): Derived from simulated Kinect/mobile phone video feeds, providing
25-point 3D/2D body keypoint trajectories. These time-series data are aligned with IMU readings and capture
detailed posture and kinematic information. Training Log Data (Logs): Sequential records of home-based



rehabilitation sessions, including exercise duration, completion rates, and gamified exercise scores, reflecting
patient adherence and engagement.
The dataset was strictly partitioned at the subject level into training, validation, and test sets with a ratio of 70%/10%/20%,
respectively, to prevent data leakage and ensure unbiased evaluation. The primary follow-up endpoint for balance
function recovery was the Berg Balance Scale (BBS) score at 8 weeks. For Task B, a patient was defined as a "responder”
if their BBS score improvement (ABBS) was greater than or equal to 5 points.

2. Evaluation Metrics

The performance of STarNet and baseline models was rigorously assessed using a suite of standard metrics tailored

to each task:

* Task A (Regression): To evaluate the accuracy of ABBS prediction, we used the Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and the coefficient of determination (R?). Lower MAE and RMSE values
indicate better prediction accuracy, while a higher R? signifies a stronger fit of the model’s predictions to the true
outcomes.

» Task B (Classification): For the prediction of responder status, we employed the Area Under the Receiver
Operating Characteristic curve (AUROC), the Area Under the Precision-Recall Curve (AUPRC), and the Expected
Calibration Error (ECE). Higher AUROC and AUPRC values indicate superior discriminative power, while a
lower ECE demonstrates better calibration of predicted probabilities, making the model’s confidence scores more
reliable.

* Treatment Allocation Quality: The effectiveness of personalized treatment recommendations was quantified by
the average actual ABBS gain for the "Top-Q% recommended individuals" for a specific therapy (TR or CR). This
metric directly assesses the clinical impact of the model’s recommendations compared to random selection or
expert-based baselines.

3. Implementation Details

All models were implemented using the PyTorch framework. STarNet was trained using the AdamW optimizer with
an initial learning rate of 2 X 10™* and a weight decay of 1 x 10™*. Training was conducted with a batch size of 64 for
up to 80 epochs, incorporating an early stopping strategy with a patience of 10 epochs based on the validation loss
to prevent overfitting. To enhance model robustness and generalization, various data augmentation techniques were
applied, including IMU signal jittering and time warping, simulated keypoint loss for Pose data, and noise injection into
training logs. Model validation was performed using 5-fold cross-validation on the training and validation sets, ensuring
robust hyperparameter tuning. Final performance metrics are reported as the mean + standard deviation across the
independent test set, reflecting both predictive accuracy and consistency.

B. Baselines

To comprehensively benchmark STarNet, we compared its performance against a diverse set of representative
baseline models, broadly categorized into traditional machine learning methods and advanced temporal deep learning
architectures:

* Linear Regression: A fundamental statistical model used for linear regression tasks. For classification, its output
can be thresholded or logistic regression used as an equivalent.

* Random Forest: An ensemble learning method capable of handling both regression and classification, known for
its robustness and ability to capture non-linear relationships.

* XGBoost: An optimized distributed gradient boosting library designed for speed and performance, widely used
for structured data.

* LSTM (Long Short-Term Memory): A type of recurrent neural network (RNN) well-suited for processing and
learning from sequential data, capable of capturing long-term dependencies. For multi-modal input, it typically
processes temporal modalities and then concatenates with static features.

* TCN (Temporal Convolutional Network): A convolutional network architecture designed for sequence modeling,
known for its efficiency in capturing long-range dependencies through dilated convolutions.

* Transformer: A deep learning model that adopts the mechanism of attention, differentially weighting the
significance of different parts of the input data. Used here for its powerful sequence modeling capabilities.

For baseline models that are primarily designed for single modality or single task, adaptations were made to allow them



Table 1 STarNet vs. Baseline Models Performance on StrokeBalance-Sim Test Set (Mean=+Std)

Model MAE| RMSE| R*7 AUROCT AUPRCT ECE|

Linear Regression 3.41+£0.05 4.65+0.06 0.42+0.01 0.706+0.010 0.556+0.012 0.072+0.006

Random Forest 3.12+0.07 4.39+0.08 0.49+0.02 0.728+0.011 0.585+0.014 0.061+0.005

XGBoost 2.96+£0.06 4.20+0.07 0.54+0.02 0.751£0.012 0.607+0.013  0.047+0.004

LSTM 2.81+£0.07 3.98+0.07 0.59+0.02 0.775+0.013 0.629+0.014 0.044+0.004

TCN 2.74+0.06 3.87+0.07 0.61+0.02 0.786+0.011 0.645+0.013 0.041+0.004

Transformer 2.62+0.05 3.64+0.06 0.65+0.02 0.808+0.012 0.676+0.015 0.036+0.003

STarNet (Ours)  2.58+0.05 3.59+0.06 0.66+0.02 0.815+0.012 0.682+0.015 0.034+0.003

Table 2 Ablation Study of STarNet’s Key Components (Mean+Std)

Model Variant MAE|] RMSE| R*7 AUROCT AUPRCT ECE|
STarNet (Full) 2.58+0.05 3.59+0.06 0.66+0.02 0.815+0.012 0.682+0.015 0.034+0.003
w/o PSFM 2.67+0.06 3.70+0.07 0.63+0.02 0.798+0.013 0.655+0.014 0.039+0.004
w/o HCAF (Concat) 2.72+£0.06 3.79+0.08 0.62+0.02 0.792+0.012 0.648+0.013 0.042+0.004
w/o Treatment-Aware Heads  2.65+£0.05 3.68+0.06 0.64+0.02 0.803£0.012 0.667+0.014 0.037+0.003
w/o PDA Loss 2.60+£0.05 3.62+0.06 0.65+0.02 0.812+0.012 0.678+0.015 0.038+0.003

to handle multi-modal data (e.g., feature concatenation) and perform both regression and classification tasks, consistent
with best practices for fair comparison.

C. Main Results

Table [T] presents a detailed comparison of STarNet’s performance against all baseline models on the StrokeBalance-
Sim test set. The results demonstrate STarNet’s consistent superiority across all evaluation metrics for both regression
and classification tasks.

Specifically, for Task A (regression), STarNet achieved the lowest Mean Absolute Error (MAE) of 2.58 + 0.05 and
Root Mean Square Error (RMSE) of 3.59 + 0.06. Its R? value of 0.66 + 0.02 indicates a strong predictive capability,
explaining a significant portion of the variance in actual ABBS scores. These results highlight STarNet’s robust ability
to accurately forecast individual patient recovery trajectories.

For Task B (classification), STarNet demonstrated superior performance in identifying responders, with an AUROC
of 0.815 £ 0.012 and an AUPRC of 0.682 + 0.015. This suggests that STarNet can effectively discriminate between
patients who will respond positively to rehabilitation and those who may not. Furthermore, its Expected Calibration
Error (ECE) of 0.034 + 0.003 was the lowest among all models, indicating that STarNet’s predicted probabilities are
highly reliable and well-calibrated, crucial for trustworthy clinical decision-making regarding treatment allocation.

The consistent outperformance of STarNet across all metrics confirms the efficacy of its integrated architecture,
including the specialized multi-modal encoders, Patient-Specific Feature Modulation (PSFM), Hierarchical Cross-Modal
Attention Fusion (HCAF), and Treatment-Aware Prediction Heads. These components collectively enable STarNet
to more effectively leverage complex multi-modal temporal data, capture nuanced patient-specific patterns, and learn
treatment-aware representations, leading to more precise prognoses and personalized recommendations.

D. Ablation Study

To understand the contribution of each core component to STarNet’s overall performance, we conducted an ablation
study. We systematically removed or simplified key modules and observed the resulting degradation in performance
on the StrokeBalance-Sim test set. The results, summarized in Table [2] underscore the importance of each proposed
innovation.



Table 3 Average Actual ABBS Gain for Top-20% Recommended Individuals (Mean+Std)

Recommendation Strategy Average Actual ABBS Gainl

Random Assignment 5.21+0.32
Experienced Clinicians 6.85+0.41
STarNet 7.03+0.38

¢ STarNet w/o PSFM: When the Patient-Specific Feature Modulation (PSFM) module was removed, the model’s
performance slightly degraded across all metrics (e.g., MAE increased to 2.67 + 0.06, AUROC dropped to
0.798 + 0.013). This indicates that dynamically adapting temporal feature representations based on static patient
profiles is crucial for enhancing personalization and overall predictive power.
* STarNet w/o HCAF (Simple Concatenation): Replacing the Hierarchical Cross-Modal Attention Fusion (HCAF)
mechanism with a simple concatenation of encoded features resulted in a more pronounced drop in performance
(e.g., MAE 2.72 + 0.06, AUROC 0.792 + 0.012). This demonstrates that the structured, attention-based fusion
of information is superior to naive concatenation, effectively capturing complex inter-modal dependencies and
hierarchical relationships.
* STarNet w/o Treatment-Aware Heads: Using a single prediction head for both TR and CR outcomes, rather than
dedicated treatment-aware heads, led to a decrease in accuracy (e.g., MAE 2.65 + 0.05, AUROC 0.803 + 0.012).
This confirms that learning distinct outcome mappings for different treatment modalities is vital for robust
counterfactual reasoning and providing precise, personalized treatment recommendations.
* STarNet w/o PDA Loss: The removal of the Predictive Distribution Alignment (PDA) loss, while having a
smaller impact on point prediction metrics like MAE and AUROC, notably increased the ECE to 0.038 + 0.003.
This highlights the effectiveness of PDA loss in improving the calibration of predicted probabilities and the overall
reliability of uncertainty estimates, which is crucial for clinical trust.
The ablation study thus affirms that each component of STarNet contributes synergistically to its state-of-the-art
performance, with PSFM and HCAF playing significant roles in robust patient representation and the treatment-aware
heads enabling effective personalized recommendations.

E. Human Evaluation of Treatment Allocation

To further validate the clinical utility of STarNet, we conducted a simulated human evaluation, comparing the
average actual ABBS gain for patients receiving treatment recommendations from STarNet, experienced clinicians, and
a random assignment strategy. This evaluation aimed to assess whether STarNet’s personalized recommendations lead
to tangible improvements in patient outcomes. For this study, we focused on the "Top-20% recommended individuals"
as an example subgroup where intervention strategies would be most critically applied.

As shown in Table |3} STarNet’s recommendations resulted in the highest average actual ABBS gain of 7.03 + 0.38
points for the Top-20% recommended patient cohort. This significantly surpassed the gain achieved by random
assignment (5.21 + 0.32 points) and marginally but consistently outperformed recommendations made by experienced
clinicians (6.85 + 0.41 points). These findings suggest that STarNet’s data-driven, personalized treatment allocation
strategy can identify optimal pathways for patients more effectively than current clinical practices and random approaches.
This improved predictive accuracy in matching patients to the most beneficial rehabilitation modality holds significant
promise for optimizing rehabilitation resource allocation and maximizing individual patient recovery, ultimately leading
to better quality of life post-stroke.

F. Analysis of Modality Contributions

To assess the unique contribution of each data modality to STarNet’s predictive power, we performed an additional
ablation study where we systematically removed one modality at a time from the full STarNet model. This involved either
zeroing out the input for a specific encoder or excluding its output from the HCAF mechanism. Figure [3|summarizes the
performance degradation observed when each modality is omitted, highlighting their individual importance.

The results presented in Figure [3]indicate that all modalities contribute significantly to STarNet’s performance, as
the removal of any single modality leads to a noticeable decline across all metrics. Specifically, the IMU and Pose data,
capturing dynamic physical movements, appear to be the most critical, as their removal resulted in the largest performance
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Fig. 3 Performance of STarNet with Ablated Modalities on StrokeBalance-Sim Test Set (Mean+Std). Abbrevia-
tions: ‘Clin. for Clinical Tabular, ‘IMU* for IMU Time-Series, ‘Pose‘ for Video Keypoint Time-Series, ‘Logs* for
Training Log Data.

Table 4 STarNet Performance by Treatment Modality (Mean+Std)

Treatment MAE|  RMSE] R2] AUROC!  AUPRC} ECE|

Tele-Rehabilitation (TR) 2.61+0.07 3.65+0.08 0.65+0.03 0.810+0.015 0.675+0.016 0.036+0.004
Conventional Reh. (CR) 2.55+0.06 3.53+0.07 0.67+0.02 0.820+0.013 0.688+0.015 0.032+0.003

drops in terms of MAE, RMSE, and R?. This highlights the importance of incorporating high-frequency temporal data
for accurate balance function recovery prediction. While clinical tabular data and training logs showed a relatively
smaller individual impact compared to movement data, their contributions remain essential, underscoring the benefits of
a holistic, multi-modal approach. The clinical tabular data provides crucial baseline context for personalization through
PSFM, while training logs capture patient engagement and adherence over time, which are known determinants of
rehabilitation outcomes. This analysis confirms that STarNet effectively leverages the complementary nature of diverse
data streams.

G. Performance per Treatment Modality

STarNet is designed to provide personalized treatment recommendations by predicting outcomes for specific
treatment modalities. To further scrutinize its efficacy, we evaluated STarNet’s predictive performance separately for
patients allocated to Tele-Rehabilitation (TR) and Conventional Rehabilitation (CR) within the test set. This breakdown
allows us to understand if the model’s predictive capabilities are consistent across different treatment contexts. The
results are presented in Table [d]

The findings demonstrate that STarNet maintains strong predictive performance for both TR and CR treatment groups.
While there is a slight, statistically insignificant variation, with CR outcomes being marginally better predicted (e.g.,
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Table 5 Uncertainty Quantification Performance (Mean+Std). Abbreviations: ‘PICP‘ for Prediction Interval
Coverage Probability, ‘MPIW* for Mean Prediction Interval Width.

Model Variant ECEJ, PICP90%T PICP95%T MPIWgs%l

STarNet (Full) 0.034+0.003  0.892+0.010 0.941+0.008 6.85+0.15
STarNet w/o PDA Loss  0.038+0.003  0.875+0.011 0.925+0.009  7.10+0.18

lower MAE and higher AUROC), the model’s ability to accurately estimate ABBS and responder status remains robust
across both settings. This indicates that the treatment-aware prediction heads, in conjunction with the comprehensive
patient representation from the shared backbone, successfully capture the nuances associated with each rehabilitation
modality. This capability is paramount for generating reliable counterfactual predictions and thereby facilitating truly
personalized treatment allocation decisions.

H. Uncertainty Quantification Analysis

Providing reliable uncertainty estimates is critical for clinical adoption, enabling healthcare providers to understand
the confidence associated with each prediction. STarNet incorporates Monte Carlo Dropout (MC Dropout) for uncertainty
quantification and a Predictive Distribution Alignment (PDA) loss to improve the quality of these estimates. To evaluate
the reliability of STarNet’s uncertainty quantification, we assess the prediction interval coverage probability (PICP)
and the mean prediction interval width (MPIW) for the ABBS regression task, alongside the Expected Calibration
Error (ECE) for responder classification probabilities. PICP measures the percentage of true values falling within the
prediction intervals, ideally matching the nominal confidence level (e.g., 90% or 95%), while MPIW quantifies the
average width of these intervals, with narrower intervals being preferred for a given PICP. Table [5|presents these metrics,
comparing the full STarNet with a variant where the PDA loss is removed.

The results in Table 5] highlight the effectiveness of STarNet’s uncertainty quantification mechanisms. The full
STarNet model achieves a PICPggq, of 0.892 + 0.010 and a PICPg5¢, of 0.941 + 0.008, which are remarkably close to
their nominal confidence levels (90% and 95% respectively). This demonstrates excellent coverage reliability, indicating
that the model’s predicted intervals accurately reflect the true variability of outcomes. Furthermore, the mean prediction
interval width (MPIWosq,) of 6.85 + 0.15 is acceptably narrow, providing precise uncertainty estimates without being
overly conservative.

Crucially, the comparison with *STarNet w/o PDA Loss’ underscores the value of the Predictive Distribution
Alignment loss. Without PDA loss, the ECE increases, and both PICP values decrease, while the MPIW slightly increases.
This demonstrates that PDA loss plays a vital role in fine-tuning the model’s predicted uncertainty distributions, leading
to more accurate and better-calibrated prediction intervals. This enhanced reliability in uncertainty quantification is
paramount in clinical settings, enabling informed decision-making by clinicians who can weigh the predicted outcomes
against their associated confidence levels.

V. Conclusion

In this work, we introduced STarNet, a novel end-to-end multi-modal temporal learning framework, to address
the critical challenge of personalized balance function recovery prediction and optimal treatment allocation for stroke
patients. STarNet meticulously integrates diverse data streams, including static clinical, dynamic IMU, video keypoints,
and training logs, through innovative components like Patient-Specific Feature Modulation (PSFM) and Hierarchical
Cross-Modal Attention Fusion (HCAF). Its unique Treatment-Aware Prediction Heads enable crucial counterfactual
reasoning for personalized recommendations, supported by a composite loss with Predictive Distribution Alignment
(PDA) for robust uncertainty quantification. Extensive experiments on the StrokeBalance-Sim dataset demonstrated
STarNet’s state-of-the-art performance in predicting recovery trajectories (MAE 2.58) and identifying responders
(AUROC 0.815). Critically, its personalized treatment allocation recommendations outperformed random assignment
and even experienced clinicians in simulated evaluations. STarNet represents a significant advancement, offering
clinicians a powerful data-driven tool to optimize resource utilization, individualize care, and ultimately improve
functional recovery for stroke survivors, with future work focusing on real-world validation and interpretability.
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