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I. BACKGROUND

Large vessel occlusion (LVO) accounts for over half of the deaths and severe disabilities in ischemic stroke. Endovascular
thrombectomy (EVT) effectively restores vessel patency, yet nearly half of patients still experience poor outcomes, partly due
to post-EVT management. Current blood pressure (BP) guidelines are overly generalized, lacking consideration of individual
characteristics and dynamic physiological changes. This study aims to develop an Al-driven model to predict post-EVT outcomes
based on patient characteristics, temporal dynamics, and BP control, enabling personalized BP management to improve recovery.

II. METHODS

We collected data from 662 patients with LVO treated with EVT at Emory University Hospital between 2014 and 2023
to predict post-EVT outcomes (mRS<2 vs. >2). Data were stratified by patient into training (60%), validation (20%), and
test (20%) sets. We set 8 consultation points (7; = 8/16/.../64h post-ICU admission) and 4 BP adjustment windows (7%, =
2/4/6/8h), creating up to 32 data samples per patient (19,246 total samples). For each sample, three kinds of features were
extracted: (i) pre-ICU features such as age, sex, and TICI; (ii) ICU temporal features derived from dynamic variables (e.g.,
MAP, SBP) up to T;; (iii) BP target features representing 7, time window length and percentage. The three feature sets were
processed using a three-branch multimodal prediction model. Linear encoders handled pre-ICU and BP features, while an
LSTM processed ICU temporal features. The resulting embeddings were combined and fed into a classifier for prediction. The
model was trained using ReLU activation, focal loss (alpha=0.25), Adam optimization (learning rate=1e-5, weight decay=0.01),
and early stopping for 100 epochs.

III. RESULTS

Our prediction model achieved the best performance across all evaluation metrics, demonstrating the effectiveness of integrat-
ing patient static, temporal dynamics, and BP target features. Compared with baselines, removing any feature group degraded
performance, underscoring their complementarity. We further quantified how predicted outcomes vary with consultation time
and optimal BP ranges to guide post-EVT management.

IV. CONCLUSION

We develop an Al model to predict post-EVT outcomes based on patient characteristics, temporal factors, and BP control,
and to personalize BP management to improve recovery.
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Fig. 1. Statistics of patient characteristics.
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Fig. 2. Our prediction framework integrating pre-ICU static, ICU temporal, and BP target features through separate encoders, followed by fusion and
classification layers to predict post-EVT outcomes.
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Fig. 3. Experimental results and case study. (a) Performance comparison showing the impact of ICU dynamics, BP targets, and pre-ICU data. (b) Optimal
MAP/SBP adjustment strategies across consultation times and time window for one representative patient.



