Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

SUPPLEMENTARY INFORMATION

1 Review of Existing Prediction Models

We present five existing models for predicting malignant MCA infarction or malignant brain edema. All of the reviewed
models use logistic regression to make static predictions of late-stage patient outcomes, and are therefore limited in their
applicability to real-time medical decision-making. The five existing models are summarized in Supplementary Table 1.

2 Definitions of Key Extracted Variables

2.1 Stroke Characteristics

Last seen well date and times were identified via clinical notes. Last seen well was defined as the last time before a
patient experienced a substantial deficit as indicated by the NIHSS (symptoms of numbness, tingling, or other symptoms
that would result in NIHSS < 3 were not taken as the time of last seen well). Instances where last seen well lacked
exact times or only referenced time were labeled as “inferred.” If last-seen well occurred prior to an in-hospital surgery,
the surgery time was identified. If no surgery start time was identified, surgery was assumed to be at 7:00AM. If last
seen well referred to “last night before bed,” with no exact time, then last seen well was assumed to be 10:00 PM. All
last-seen well data underwent supervisor review (CJO).

NIHSS was extracted from history and/or physical exam. In cases where multiple NIHSS were reported, the last one
(after any procedures took place) was used. NIHSS scores were documented via clinical notes. For patients who
underwent medical or mechanical thrombolytic procedures, we prioritized the NIHSS recorded after intervention.

Vessel Occlusion location: All CT Angiograms were reviewed and classified as a vessel occlusion based on radiology
reports. The most proximal vessel involved (Internal Carotid Artery, M1, M2, M3/M4) was used for the vessel occlusion
location. The anterior cerebral artery was also identified as occluded or not. In instances in which reports described
vessel occlusion but did not explicitly name vessel occluded, M1 was assigned if occlusion was described to begin prior
to bifurcation/trifurcation.

2.2 Laboratory and Vital Sign Measurements

Laboratory and vital sign values were obtained through the structured Research Patient Data Registry/Clinical Data
Warehouse database. The first value present within eight hours before and up to thirty-six hours after presentation
date time was used, accounting for labs that occurred prior to the first radiographic scan and/or clinically determined
presentation date time. The mean time from presentation to first laboratory value in the derivation cohort was 0.31 hours
(approximately 19 minutes), with a standard deviation of 17.9 hours. Laboratory values taken prior to presentation time
are due to presentation time definition—Iabs in the emergency department occasionally predated official “presentation
time.” Vital signs at presentation were derived from a chart review of the History and Physical. On average, vital signs
data were updated every 51.0 hours (standard deviation 38.9 hours) and laboratory data were updated every 64.1 hours
(standard deviation 40.3 hours) within the first week after presentation.

To address clearly erroneous lab or vital sign errors, each longitudinal measurement was assigned a Z-score based
on the data distribution across the entire cohort. Measurements with an absolute Z-score of three or greater, or those
showing a 25% change from a preceding value, were flagged as a potentially erroneous measurement. The principal
investigator reviewed each patient’s flagged laboratory/vital sign trajectories within the context of their hospital course
to determine which outliers were valid and which needed to be removed. Temperature values recorded in Celsius (30°s-
low 40°s) were converted to Fahrenheit. Other abnormally low-temperature values, such as 78°F, were removed. One
sodium value of 102 mEq/L was removed after chart verification. All glucose values >1000 mg/dL and one glucose
measurement of 866 mg/dL were removed after chart verification.

2.3 Radiographic Features

The population’s radiographic features were derived using a Natural Language Processing algorithm that screens for
patients with acute MCA stroke identified via ICD-9, ICD-10 codes [1]. Patients with large acute MCA stroke were
confirmed to be > 1/2 of the MCA territory by designated, trained M.D members of the research team (SC, CJO).
Images included in >1/2 MCA territory had to have either full superior or inferior MCA division involvement or include
sufficient volume (estimate of >70ccs) of both superior/inferior or deep structures. All indeterminate images underwent
secondary review (CJO). A random sampling of our 30 patients using an ABC/2 method [2] demonstrated that median
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volume was 122 cc. Below we outline the detailed process we applied to characterize each of the included radiographic
features:

* Stroke size: >1/2 MCA territory was determined by visual estimate of a trained M.D. and underwent second
review. Indeterminate images were reviewed for consensus by three authors.

» Midline shift was measured by a trained member of the team using imaging viewer software [Client Outlook,
eUnity Diagnostic Viewer, version 6.10.2-489, for MacOs and PACS web viewer] by navigating to the level of
the septum pellucidum at the slice of maximum MLS. The reviewer created a line connecting the attachment
of falx cerebri anteriorly and the occipital protuberance. Windows were set at W:30 L:30. Distance between
the midline and the septum pellucidum both the lateral and medial boundaries was measured by adding a line
perpendicular to the midline. MLS used in the analysis was the average distance (mm) from the measurements
of the lateral and medial boundaries. A blinded assessment of >10% of the data found the mean error was
0.19mm between the MLS reported in the radiographic reports and manual measurements.

* Pineal gland shift was measured at the level of the pineal gland, at the slice where the pineal gland shift was
at its maximum. A line from the midline to the point of maximum and minimum deviation was taken, and
averaged, to best obtain the deviation from the center of the pineal gland. Mean error between MD reviewers
was 0.36mm.

* ASPECTS, or the Alberta Stroke Programme Early CT Score, divides the brain parenchyma into 10 separate
non-overlapping regions, three regions at the level just rostral to the ganglionic structures and four at the level
of the thalamus [3]. ASPECTS of 10 implies the brain parenchyma shows no evidence of ischemia, only at the
two levels that the predetermined regions are examined. ASPECTS of 0 implies that all the predetermined
areas have been affected by ischemia of the brain parenchyma, hypodensity, loss of cortical ribbon, and/or
sulcal effacement. ASPECTS were generated using Smm axial slices and set to variable window widths. The
window, as described by Lev et al. [4], for optimal ischemic lesion identification is preferably set to W:30
L:30, or alternatively 40/40. As in Pexman et al. [5], patient positioning was reviewed to determine if the
eyes were at the same level in the axial view. If >10% of each area had evidence of hypodensity or sulcal
effacement, that area was marked as affected by ischemia and one point was deducted from the total score [3].
A review of 10% of scans showed a percent agreement between the two reviewers of 96.4% for dichotomous
ASPECTS categories (10-8, 7-0), and 83.9% for high, medium, low ASPECTS (10-8, 7-4, 3-0). Cohen’s
Kappa was 0.647 for ASPECTS continuously.

* Hemorrhage was manually inspected according to ECASS II criteria. Petechial Hemorrhage was determined
to be HI1 or HI2, and Parenchymal Hemorrhage PI1 or PI2 [6]. Percent agreement between trained team
members (SC, CJO) on a 10% sample was 92.5%.

» Cerebral atrophy was recorded based on visual estimation of the ratio of sulcus to gyrus depth on the non-
infarcted side and the ratio of the width of the caudate to the brain. A trained researcher evaluated admission
non-contrast CT scans to determine the overall level of atrophy in the brain. Atrophy characterizations were
categorized into no/mild atrophy (0) and moderate to severe atrophy (1). The percent agreement was 88%.

* Basal Cistern Effacement was determined (present/absent) in axial slices at the level of the orbitomeatal line
after reviewing consecutive slices for evidence of partial or complete reduction of the basal cisterns space.
Images were reviewed for consensus by three authors.

3 Missing Data & Frequency of Measurement

The derivation cohort was associated with a higher degree of missing static data compared to the external validation
cohort, especially in vital signs at admission and in collateral scores, first MLS value, HbAlc, and osmolality. The
number and percentage of patients in both cohorts with missing information regarding the static variables are presented
in Supplementary Table 2. Our analysis also showed that vital signs were recorded more frequently at the Boston
Medical Center, while laboratory data and radiographic variables were updated more frequently in the Massachusetts
General Brigham cohort. These patterns may reflect differences in laboratory and scanning capacity across the two sites.
However, we also note that the Massachusetts General Brigham cohort has a high degree of missingness in vital signs
data, with fewer than 30% of all hourly observations having an updated vital signs measurement in the preceding 8
hours. This is because longitudinal vital sign data was not as commonly available prior to 2015. Supplementary Table 3
reports the proportion of patient-hour observations in the first week of hospitalization with an updated dynamic variable
measurement in the past 8 hours, and Supplementary Table 4 presents the average time between updated measurements
of dynamic variables within the first week of hospitalization across cohorts.
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4 Hospitalization Characteristics Across Cohorts

To further compare the relative severity of mass effect after infarct across sites, we present the breakdown of patients in
each cohort by maximum MLS class reached over the course of their hospitalization in Supplementary Table 5. No
statistical significance was found between the proportion of patients in each maximum MLS class across the cohorts.
We also describe key characteristics of hospitalization (e.g. length of stay, scanning frequency, and maximum MLS
measured) for both cohorts with patients separated by MLS class at initial scan in Supplementary Table 6. Notably, the
length of time between successive CT scans over the first week of hospitalization is higher (lower scanning frequency)
for patients with higher MLS on admission. We also find that patients with higher initial MLS have a higher maximum
MLS measurement, as would be expected.

5 Machine Learning Model Specification

5.1 HELMET Model Features

We report a breakdown of each of the features used in our HELMET models. Supplementary Table 7 describes the
features used in the 24-hour prediction model while Supplementary Table 8 describes the features used in the §-hour
prediction model. All date-time features are represented as number of hours after last seen well (e.g. if the patient was
last seen well at 12:00 and the first MLS occurred at 18:00, the value of firstmlisdt_time_censored would be 6). Time
censored variables are assigned a place holder value until the time of occurrence to prevent future information from
being leaked into the present (e.g. if firstmlsdt_time_censored was 6, then the first five patient-hour observations would
be set to -10).

5.2 Comparison of XGBoost to Random Forest Models

We also tested Random Forest (RF) models [7] as part of our initial exploration (prior to adding the large language
model-derived features). The Random Forest algorithm is an ensemble algorithm that creates multiple weak learner
decision trees [7]. We once again assessed performance on the derivation dataset with five-fold cross-validation.
XGBoost and RF achieved roughly equivalent performance, with a mean area under the receiver operating characteristic
curve (AUROC) across the four classes of 0.86 (0.017 for RF, +0.0083 for XGBoost) for predicting 24-hour window
maximum MLS, and 0.86 (+0.0066 for RF, +0.0059 for XGBoost) for predicting 8-hour window maximum MLS. The
relative similarity in the performance of XGBoost and RF models is consistent with their relatively similar ensemble
tree architectures. In both settings, both models significantly outperformed the logistic regression baseline (p<0.001 on
all tests for AUROC and AUPRC).

5.3 Final Tuned Hyperparameters

Using a combination of cross-validation within runs and Bayesian updating across successive model training runs, we
tuned the model hyperparameters and non-transition observation weights for both the HELMET-8 and HELMET-24
models. The final values for both models are presented in Supplementary Table 10.

5.4 Parameter & Structure Sensitivity Analyses

We conducted a number of sensitivity analyses to improve the performance of the model. First, we tested the inclusion
of a sample weighting parameter which reduced the relative importance of samples where the target MLS class was
the same as the patient’s current MLS class (in order to further prioritize training on the more ambiguous cases of
patient class transition). Results showed that a relative importance reduction of 0.4-0.7 yielded increased filtered
performance at the expense of some overall, unfiltered performance. Next, we tested adding the class probabilities from
the average transition kernel as features and adding the class probabilities as predicted by the linear regression model
(discussed below). Neither of these feature additions led to any significant performance improvements. Finally, we
tested reducing the feature space by removing the lowest-ranked features from the feature importance values of the
initial model. Reducing the feature space to approximately 75 total features yielded increased performance, with further
feature reductions being detrimental. However, any attempts at feature reduction proved detrimental after the addition
of the large language model class predictions to the feature space.
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6 Model Performance

6.1 Large Language Model Performance

We report the modified AUROC metric for the multi-class classification task as defined in Section 4.7. Using derivation
patient radiology reports, the large language model classifiers achieved AUROC scores of 72.23% for the 8-hour task,
67.25% for the 24-hour task, and 91.10% for the 36-hour task when tested on the derivation cohort. Applying the
fine-tuned models to the external validation cohort, the large language model performance dropped to 48.04%, 50.13%,
and 50.24% on the 8-hour, 24-hour, and 36-hour tasks respectively.

6.2 Complete Performance Metrics

In a filtered dataset using only prediction windows in which the patient’s MLS class changed (the “filtered” task), the
models result in a mean filtered AUROC of 94.1% (95% CI [92.3%, 96.0%]) for the 24-hour window and 76.2% (95%
CI [66.6%, 85.8%]) for the 8-hour window on the derivation dataset. On the external validation dataset, the models
result in a mean filtered AUROC of 70.7% (95% CI [61.1%, 80.3%]) for the 24-hour window and 92.1% (95% CI
[88.5%, 95.7%]) for the 8-hour window. The filtered performance metrics show that the model performs well both when
the patient is expected to remain in the same state and when the edema severity is changing. The complete unfiltered
and filtered performance metrics, along with 95% confidence intervals are reported in Supplementary Table 11.

Due to the highly time-dependent nature of edema trajectory, we also calculated average AUROC across various periods
of hospitalisation for each patient. These periods were defined based on hours since last seen well as <24 hours,
24-48 hours, 48-96 hours, and >96 hours. AUROC scores for each model across the two tasks and disaggregated
by hospitalization period are presented in Supplementary Table 12. Finally, we also present mean AUROC scores
disaggregated by patient insurance status in Supplementary Table 13.

6.3 Receiver Operating Characteristic Curves and Precision-Recall Curves

The receiver operating characteristic (ROC) curves for both models and both patient cohorts are presented in Sup-
plementary Figure 1. Similarly, the precision-recall curves (PRC) for both models and both cohorts are presented in
Supplementary Figure 2.

6.4 Shapley Additive Explanation Plots

SHapley Additive exPlanation (SHAP) values are derived from cooperative game theory, originally developed to fairly
distribute payouts among players based on their contributions to an overall outcome. In the context of machine learning,
SHAP values quantify the contribution of each feature to the prediction by simulating the model’s behavior when
each feature is included or excluded from the input data. Specifically, SHAP values represent the average marginal
contribution of a feature across all possible combinations of feature subsets, ensuring that the contributions are fairly
attributed in a manner consistent with the axioms of efficiency, symmetry, and additivity. SHAP plots indicate the
aggregate influence of individual features on assigned classification categories. Each sub-bar’s length indicates the
mean SHAP value per class, highlighting the relative strength of a feature’s influence on the prediction class outcome.
The features are organized by significance, with the most crucial ones positioned at the top. Supplementary Figure 3
shows SHAP bar plots for the ensemble learning models.

7 Model Performance on a Binary Classification Task

An MLS of >5mm is commonly used in clinical practice as a signal of severe edema [8]. To evaluate the robustness
and generalizability of our methodology, we evaluated the HELMET framework on a simplified binary classification
task. This experiment benchmarks the HELMET models against the baseline EDEMA regression models in a more
conventional target. This set of models focus on estimating whether the maximum MLS within the prediction window
would exceed the 5mm threshold.

The resulting binary classification models were constructed following the HELMET framework, using the same
multimodal input features and model architecture described in the Section 4 of the main manuscript. The only change
was to the outcome definition: instead of predicting four discrete MLS classes, the models were trained to classify
whether future MLS would be below or above the 5Smm threshold. Corresponding EDEMA baseline models were also
retrained for the binary task using the same respective inputs. Performance metrics for both model families—across
derivation and external validation cohorts, 8-hour and 24-hour horizons, and both overall and filtered datasets—are
reported in Supplementary Table 14.
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Across both prediction horizons and cohorts, the HELMET models consistently achieved higher or comparable AUROC,
AUPRC, and accuracy values compared to the EDEMA baselines. The overall AUROC scores for the binary task ranged
from 88.4-91.0% for HELMET models, compared to 63.5-87.0% for the EDEMA baseline models. Improvements
were especially notable in the external validation cohort, where the HELMET models demonstrated high predictive
performance with lower variance, indicating improved generalizability. Additionally, performance on the filtered
subsets—observations where MLS class transitioned across the threshold—was markedly better for HELMET models,
suggesting superior sensitivity to clinically relevant changes.

The primary HELMET-8 and HELMET-24 models were based on more granular, four-class MLS targets (Omm, 0—3mm,
3-8mm, >8mm) to reflect a more nuanced progression of edema severity over time. The success of the HELMET
framework on the simpler binary task provides additional evidence regarding the robustness and adaptability across a
spectrum of prediction problems. The wider performance improvement over baseline observed in the main analysis of
the multiclass prediction problem as compared with the smaller difference in overall performance observed for this
binary prediction problem highlights the power of existing regression models for simpler problems and underscores the
usefulness of our hybrid ensemble learning approach for more granular prediction.

8 Reporting Checklist

We followed the updated Transparent Reporting of Multivariable Prediction Models for Individual Prognosis or
Diagnosis (TRIPOD+AI) guidelines in the reporting of our study [9]. The completed TRIPOD+AI checklist can be
found in Figure 4.
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Supplementary Figure 1: Receiver Operating Characteristic Curves. Receiver operating characteristic curves for
HELMET models compared to baseline EDEMA Score models for overall and filtered datasets for both derivation and
external validation cohorts. Blue lines show performance of the HELMET models on the overall dataset, Orange lines
show performance of the HELMET models on the filtered (MLS transition) observations. Red and orange lines show
performance of the baseline EDEMA Score models on the overall and filtered datasets, respectively. a) Performance
on the derivation dataset for the 8-hour prediction task; b) performance on external validation dataset for the 8-hour
prediction task; c) derivation cohort performance for 24-hour task; d) external validation cohort performance for 24-hour
task
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Supplementary Figure 2: Precision Recall Curves. Precision recall curves for HELMET models compared to baseline
EDEMA Score models for overall and filtered datasets for both derivation and external validation cohorts. Blue lines
show performance of the HELMET models on the overall dataset, Orange lines show performance of the HELMET
models on the filtered (MLS transition) observations. Red and orange lines show performance of the baseline EDEMA
Score models on the overall and filtered datasets, respectively. a) Performance on the derivation dataset for the 8-hour
prediction task; b) performance on external validation dataset for the 8-hour prediction task; c) derivation cohort
performance for 24-hour task; d) external validation cohort performance for 24-hour task
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Supplementary Figure 3: SHAP Plots. The 20 features with the highest SHapley Additive exPlanation (SHAP) values
for the ensemble learning models. Colors represent the contribution of each feature to positive predictions of each MLS

class. a) Highest-ranked features for HELMET-24; b) Highest-ranked features for HELMET-S8.
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3 TRIPOD-Clusies is & checklist of reporting Sor studies o validating models fhar explicitly account for clustering or
heterogensity m model performance (eg, at different hospitals or centres). Debeay et al, BMI 2023; 330: eD71018 [DOL: 10.1136%bny-2022-071018]

Page 1af2

30



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

TRAPOD+XI O

Ve - D Tdentify any differences berween the development and evaluation daia in bealthcare semming, eligibility

e i crtena, outcome, ad predictors NA

Ethical approval it D= Tame the institational research board or efhics committes that approved the smdy and describe the

ipant informed consent or the ethics committee wraiver of informed consent :
OPEN SCIENCE
| Funding 182 DE Give the source of finding and the role of the fimders for the 12

Sﬂ':f“ 180 DE Declars any couflicts of interest end financisl disclosares for all anthors 13

Protacol 18c DE Tndicate where the stady ol can be accessed ar state thata ‘was not NA

Registration 184 DE Provide registration mrformation for e sidy, inchiding register name and regisiratson mumber, of state

- that the study oras ot registered NA

Daa sharing 1% DE Provide detnils of the availability of the study data 12

Code sharing. 18 DE Provide details of the availability of fue analytical code’ 12

PATIENT & FUBLIC INVOLVEMENT

Patient & Public 19 DE mmmso{mpmmmmmmmm(m TepoTting, NA

Tmvohvement N interpratation. or disssmination of the smdy or siate oo volvement.

|AESTLES,

Participaris 208 DE Describe the fiow of participants througsh rthe smdy, inchiding the mmber of participants with and 1+ Fig1
without the outcome and, if spplicsble, a summary of the follow-up time. A disgram may be helpfil 9
Rzpmmechmnnsucsuwaumwﬁmapphml&, for each data source nrsemg, inchuding the

200 DE key dates. key predictors (including Teceived, ‘mmber of 3+ Tab1
& ml:me\m,feﬂbuwupmmﬂamumofmmngm A table may be helpful. Report auy
differeices acum ey denugraphic oogs.
Fi del evaluat simw i i dama of the di i i
e = ar o e m“um mportant 1.5+ Fig 4]
Model development 21 o Wmmdwmmnmmmhm(e;fwmmﬂm
i Drppeiparsimotes iing, museial evaluatin) d
AModel Provide details of the full predicrion model (e ., formmila, code, object, application programming
specification 2 D Mce)mmmmmmmmmmmemmmmm 12
to access or re-use (e.g., ealy available, i p
Afodel Repmmmeipafnmeﬁnmsmomﬁmmmm incoding for any key subgroups (e.g., 4+Fig3
performance o DE Consider plots to aid g
E;- -“]-)'-E-”” I.fmlmm.,“ mﬁmymmmmﬁwﬁmemsmm.SETmD B
2 i deeils NA
| Model updating 24 E inchudins the miode] and sub: NA
DISCUSSION
Tntarpretationt = = Give an overall Serpreraon o (e Thain resnit, IMCRIGnE ssnes of Faihess i (58 coext of e 6
. amd previons smdies &
Limitations 26 DE Discuss any limitations of the smdy (sachas s ive sample, sample size, I 7
% miicsing data) and their effects on any bisses, stmtistical uncertinty, and senerslizability

Usability qf the e o Describe Liow poor qnnhtywuna\'azhble mpmdalx (2.2, predictor values) should be assessed and 5.7

model i the handled when the

context af eurrent | Mwmmnmammmmmmmmmnrmmum.unfﬂum

o Al ksl Ievel af Expieciios 7 ety OF des &1

27 DE msmssmymnmpsbrmmmmgmuﬁuwwwmwmmmmﬁ 57
From: Collins GS. Moons KGM, Dhiman P, et al. BMJ 2024;385:e078378. doi:10.1136/bmj-2023-078378
4 This relates to the analysis code, for example, auy data cleaning, festure enginesring, model building, evaluagon.
# This relates to the code to implement the modsl to get estimates of risk for 2 new individaal
Page2af2

Supplementary Figure 4: TRIPOD+AI Reporting Checklist. Completed reporting guidelines checklist. Reporting
follows the updated Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis
guidelines (TRIPOD+AI).
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Supplementary Tables

Supplementary Table 1: Prior Literature. A summary of existing research on predicting events relating to cerebral
edema.

Sample o Dynamic Single S Other
Study Size Type Prediction Target AUROC Prediction? Center? Retrospective? Limitations
. - . Small sample biased
Shimoyama 119 LOngqC Mal'lgnant' MCA 0.88 No Yes Yes towards an elderly population
etal., 2014 [10] Regression infarction
(average age 78.0)
Ong et al., Logistic Malignant brain Late outcome prediction and
2017 [11] 222 Regression edema 075 No Yes Yes only data from first 24 hours.
. . . Same as Ong, et al., 2017.
Cheng et al., 487 LOngqC Malignant brain 0.8 No Yes Yes Also shows low generalizability
2020 [12] Regression edema . L
without model re-training.
Wu et al., Logistic Malignant brain No imaging features
2023 [13] 1627 Regression edema 09 No Yes Yes used in the model.
- . . Homogeneous sample composition
Tang et al., Logistic Malignant brain . .
2024 [14] 314 Regression edema 0.88 No Yes Yes biased toward elderly population

(average age 75.7)
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Supplementary Table 2: Static Variable Missingness. Missingness in static variables across cohorts. All variables
presented as patient counts of missing data (percentage of patients). Statistical significance of differences between
cohorts tested using x? test.

Variable Massachusetts General Brigham Boston Medical Center p-value
Demographic Factors

Age 0 (0%) 0 (0%) 1.000
Sex 0 (0%) 0(0%) 1.000
Race 0 (0%) 0 (0%) 1.000
Medical History

Previous stroke 0 (0%) 0 (0%) 1.000
Atrial fibrillation 0 (0%) 0 (0%) 1.000
Hypertension 0 (0%) 0 (0%) 1.000
Stroke Characteristics at Admission

NIHSS 46 (7.4%) 0(0%) 0.056
ASPECTS 0 (0%) 0 (0%) 1.000
Stroke side 0 (0%) 0(0%) 1.000
Anterior cerebral artery involved 0 (0%) 0 (0%) 1.000
Vessel Occlusion 0 (0%) 0 (0%) 1.000
Collateral Score 207 (33.2%) 28 (46.7%) 0.051
First MLS 157 (25.2%) 0(0%) 0.000
Cerebral Atrophy 3 (0.5%) 0 (0%) 1.000
Vital Signs at Admission

Mean arterial pressure 43 (6.9%) 0 (0%) 0.068
Systolic blood pressure 0 (0%) 0 (0%) 1.000
Diastolic blood pressure 43 (6.9%) 0 (0%) 0.068
Heart rate 454 (72.9%) 0 (0%) 0.000
Body temperature 454 (72.9%) 0 (0%) 0.000
Laboratory Values at Admission

White blood cell count 3 (0.5%) 0 (0%) 1.000
Blood glucose 2 (0.3%) 0 (0%) 1.000
HbAlc 98 (15.7%) 3(5.0%) 0.041
Osmolality 445 (71.4%) 31 (51.7%) 0.002
Creatinine 3(0.5%) 0(0%) 1.000
Sodium 2 (0.3%) 0 (0%) 1.000
Blood urea nitrogen 3 (0.5%) 0 (0%) 1.000
Treatments Administered

Medical Thrombolysis 0 (0%) 0 (0%) 1.000
Mechanical Thrombectomy 0 (0%) 0 (0%) 1.000
Decompressive Hemicraniectomy 0 (0%) 0 (0%) 1.000
Osmotic Therapies 0 (0%) 0 (0%) 1.000

Clinical Outcomes
Modified Rankin Scale 121 (19.4%) 0(0%) 0.000
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Supplementary Table 3: Dynamic Variable Updates. Percent of patient-hour observations over the first week of
hospitalization with an updated dynamic variable measurement in the past 8 hours.

Variable Massachusetts General Brigham Boston Medical Center p-value
Vital Signs

Heart rate 27.3% 98.0% 0.000
Systolic blood pressure 18.8% 96.4% 0.000
Diastolic blood pressure 18.8% 96.4% 0.000
Body temperature 27.8% 96.1% 0.000
Laboratory Values

White blood cell count 45.5% 43.3% 0.657
Blood glucose 69.9% 71.3% 0.757
Osmolality 18.9% 20.3% 0.728
Creatinine 58.1% 49.0% 0.069
Sodium 63.9% 68.1% 0.368
Blood urea nitrogen 58.1% 49.1% 0.072
Radiographic Measurements

Midline shift 25.6% 27.5% 0.670
Pineal gland shift 25.6% 27.1% 0.736

Supplementary Table 4: Dynamic Variable Frequency. Average time delay between updated measurements in dynamic
variables within the first week of hospitalization across cohorts. All variables presented as mean hours (SD). Statistical
significance of differences between cohorts tested using Mann-Whitney U test.

Variable Massachusetts General Brigham Boston Medical Center p-value
Vital Signs

Heart rate 6.1 (4.1) 3.1 (4.2) 0.000
Systolic blood pressure 7.1 (4.3) 2.6 (3.8) 0.000
Diastolic blood pressure 7.6 (4.7) 3.1 (3.9) 0.000
Body temperature 8.8 (6.5) 5.9 (7.0) 0.000
Laboratory Values

White blood cell count 8.6 (7.2) 13.8 (17.8) 0.003
Blood glucose 6.0 (5.3) 6.8 (7.6) 0.652
Osmolality 11.8 (8.2) 21.1 (23.5) 0.008
Creatinine 7.8 (6.3) 12.3 (12.8) 0.002
Sodium 7.7 (6.2) 10.2 (11.6) 0.286
Blood urea nitrogen 8.2 (6.3) 13.2 (15.6) 0.003
Radiographic Measurements

Midline shift 11.3(9.1) 18.8 (22.7) 0.003
Pineal gland shift 11.6 (9.1) 18.9 (22.4) 0.008

Supplementary Table 5: Edema Severity. Maximum MLS class reached by patients across cohorts and prediction tasks.

Maximum MLS class

Data set Task Omm 0-3mm 3-8mm >8mm
Mass General Brigham  8-hour 162 100 216 145
(derivation cohort) 24-hour 123 81 204 125
Boston Medical Center ~ 8-hour 10 10 17 23
(validation cohort) 24-hour 9 9 18 19
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Supplementary Table 6: Hospitalization Characteristics. Average characteristics of patient hospitalization by initial
MLS class using full 8-hour task cohorts.

e Initial MLS class
Data set Characteristic Omm 0-3mm 3-8mm >8mm
Mass General Brigham  Number of Patients, count (%) 535 (85.9%) 48 (7.7%) 40 (6.4%) None
(derivation cohort) Length of Stay (days), median (IQR) 2.2 (4.0) 1.4 @3.2) 3.1 4.8) None
Hours Between Scans*, mean (SD) 21.6 (13.0) 21.5(14.2) 28.8(31.6) None
Maximum MLS (mm), mean (SD) 3.34.2) 4.4 (3.6) 7.2 (3.7) None
Boston Medical Center  Number of Patients, count (%) 49 (81.7%) 9 (15.0%) 2(3.3%) None
(validation cohort) Length of Stay (days), median (IQR) 3.94.9) 5.2 (3.8) 3.424) None
Hours Between Scans*, mean (SD) 21.8 (9.2) 254 (11.4) 26.6(11.8) None
Maximum MLS (mm), mean (SD) 5.1(5.2) 7.9 (4.9) 10.2 (5.9) None

*Frequency of scanning calculated using first 7 days of hospitalization due to infrequent scanning in later periods

35



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

93ed 1xou UO ponunuo)

sogew oryder3orpey SInoY 47 1sed UI PIA[OAUT U] SBY AISLIE [BIQRIOD JOLIQJUR JOUIOY A\ L€ X~ ®o® 3UI[[oI
sagewy orydeiSorpey od£y ueos juadar jsow jo uoneyussardar [eoro3are) 8¢ odKyoSewr
PI0O9Y [BOIPSIA JuanIeq JUNOD [[90 POOTq ATYM JUIII ISOTA X% aqm
PI0OFY [BIIPIIA JUMIRg UOISSTWPE Je UaS0oMNIU BaIn poo[gq 0¥ Junq
s1xo], odoy A3oro1pey SINOY Q¢ IXaU ISA0 ¢ SSe[D 0) uonisuen jo Aiqeqoid passosse-ATT X% €9 INTT
PI0OFY [BIIPIIA JUAMIR] UOISSTWPE & dInssaid [eLId)IE UL 0¥ 1dew
PI0O9Y [BOIPSIA JuanIeq UOISSTWPE JO QUIL], X% saxd
sagewy oryder3orpey 21005 Xxapul SIDHJSVY 1SIY Jo sy, 'y PaIosudd oW Jp[sioadse
PI0O9Y [BOIPAIA JuanIeq PRISISTUTWIPE U99q SBY (9 ¢ UOHBIIUIUO0D) UI[ES OTuolIad Ay IoyIaym IR K~¢s1y urpox
sogew oryder3orpey 91095 Xxapul SI.DHJSVY U1 ISON 'y syoadse
sogewy orydeiSorpey UBOS JUSDAI JSOW UT UTRIP JB[NOLNUSARTIXH Sy pA?d
PI0O9Y [BOIPSIA JuonIeq (%" €T uonEenuUadu0d) urfes druoyrddAy Jo uonensSIUIIpy Sy X €SI
PI0OFY [BIIPIIA JUAMIR] uoIssTwpe Je arerodwe) Apog LY 1dwy
so3ew] orydeidoipey 191813 1O Wiy payoral )iy J1ys pue|3 [eould yorym je owi], L'y palosuad own Ipys3d
sagewy orydeiSorpey IeJ 0S I9)eaI3 Jo Wy Jo JIys pue[S [esuld wnwirxew jo aneA L'y palosuad owngs3d
PI0O9Y [BOIPSIA JuonIeq sinoy ¢ 3sed 100 arnjeradurs) Apoq wnwirxey o dway~Suryjox
sogewry oryder3orpey an[eA SN JUQI91 JSOIN 6 S[u9ZIS
PI0O9Y [BOIPSIA JuanIeq UOISSTWPE J& 3S[nJ I'S 1esmnd
sagewy orydeiSorpey sInoy 47 1sed 10A0 anfeA STIA WNWIXRA 9°G S[W9zIs~ 3uI[[o1
so3ew] orydei3oipey UBOS JUIAI JSOW Ul d0UuaNPuod Jurures 93eylioway [BIYd919d 9¢ 4y
PI0OFY [BIIPIIA JUAMIR] UOISSIWPE J& 9500n[3 poo[gq LS 1on[3
s1xo], odoy A3oro1pey SINOY § 1XaU I2A0 ¢ SSe[O 0) uonisuen Jjo A)iqeqoid passosse-N T 6'S CSINTT
s1xo], odoy A3oro1pey SINOY Q¢ IXaU ISAO0 7 SSB[O 0} uonisuen jo Aiqeqoid passosse-ATT 9 T 9CTINTI
sagewy orydeiSorpey anpea ua1mod 0} Jord anjea SN paInseauw Jse| G9 sy aaxd
PI0O9Y [BOIPSIA JuanIeq amjeroduwa) Apoq JuadaI ISON L9 duroy
sagewy orydeidorpey I9)B213 10 WG Jo SN Poyoeal 1s1y Juaned yorym je awy, 89 PAIOSUD QWY IPGS[W
s1x9], odoy A3oro1pey SINOY Q¢ IXaU I2A0 () SSB[O 0} uonisuen jo Aiqeqoid passosse-ATT 69 0 9 INT1
PIOOIY [BIIPIIA JUAMIR] sinoy 4 1sed 1940 9s[nd wnwiIxep €L asind~3ury[ox
so3ew] orydeidoipey STIA PRINSBAW JSIY JO 9N[BA VL POIOSUQY QW)™ S[UISIY
s1x9], 1oday A3ojo1pey SINOY § 1XAU I2A0 7 SSe[0 0) uonisuen jo Ajiqeqoid passasse-NTT S'L T8INTI
PI0O9Y [BOIPSIA JuanIeq sInoy 7 1sed 10A0 aInssoxd [BLI9)IE UBOW WNWIXEA 8L dewr—3uryjox
s1x9], oday A3ojo1pey SINOY § 1XAU I2AO () SSB[O 0) uonisuen jo Aiqeqoid passasse-N T 08 08 INTI
PI0O9Y [BOIPSIA JuonIeq UOISSTWIPE B JUNOD [[99 POO[q ATYA 01T 1o9Mm
s1xo], odoy A3oro1pey SINOY Q¢ IXaU ISA0 [ SSe[O 0} uonisuen jo Aiqeqoid passosse-AT1 11 1 9¢ INTT
s1x9], 1oday A3ojo1pey SINOY $77 1X3U I9A0 () SSB[O 0) uonisuen jo Aiqeqoid passasse-NTT 1'62 0+ INT1
s1xo], odoy ASoro1pey SINOY §7 IXU I2A0 | SSe[D 0} uonisuen jo Aiqeqoid passosse-ATT vy 1 ¥ INTT
s1x9], oday A3ojo1pey SINOY 477 1XU I2A0 g SSe[O 0) uonisuen jo Ajiqeqoid passasse-]NTT 8°9% TV INTI
s1xo], odoy ASoro1pey SINOY §7 IXU I2A0 ¢ SSe[O 0} uonisuen jo Aiqeqoid passosse-ATT €'€s YT INTI
32In0g uondrsa@  ddueyrodwy dAneRY aanjed |

P LA TAH £q pasn saxnjedy jo is1j 99[dwo)) :/ 9[qe], Arejuowoddng

36



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

93ed 1xou UO ponunuo)

so3ew] orydeisoipey]
PI0OFY [BIIPIIA JUAMIRg
PI0O9Y [BOIPSIA JuonIeq
PI0OFY [BIIPIIA JUMIRd
PI0OFY [BIIPIIA JURMIR]
PI0O9Y [BOIPSIA JuonIeq

sagewy orydeiSorpey

so3ew] orydeisoipey
[GREN @RI ABLENE
PI0O9Y [BOIPSIA JuanIeq
PI0OFY [BIIPIIA JUAMIR]
PI0O9Y [BOIPSIA JuanIeq
PI0OY [BIIPIN JuaNe]
PI0O9Y [BOIPSIA JuoTIeq
PIOOFY [BIIPIIA JUAMIR]
PIOOFY [BIIPIIA JUAMIRg
PI0O9Y [BOIPSIA JuanIeq
PIOOFY [BIIPIIA JUMIR]

so3ew] orydeisoipey]
PI0OIY [BIIPIIA JUAMIR]
PI0O9Y [BOIPSIA JuanIeq

so3ew( orydes3orpey
s1xa], 1oday £3ojo1pey
PI0OFY [BIIPIIA JUAMIR]
PI0O9Y [BOIPSIA JuanIeq
PI0OFY [BIIPIIA JUAMIR]
PI0OFY [BIIPIIA JUAMIR]
PI0O9Y [BOIPSIA JuonIeq
PIOOFY [BIIPIIA JUAMIR]
PI0O9Y [BOIPSIA JuanIeq
PI0OFY [BIIPIIA JUAMIRg

so3ew] orydeisoipey]
PI0OFY [BIIPIIA JUAMIR]

so3ew] orydeidopey
PI0OFY [BIIPIIA JUAMIR]

so3ew] orydeisoipey

so3ewy orydes3orpey
PI0OIY [BIIPIIA JUAMIR]

juawaInseaw JYIys puerd reourd Juoda1 ISOI

sInoy ¢ 3sed Ul (9 ¢ UonEnuaduU0d) uIes druolrad4Ay Jo uonensumpy
Vd.L Jo uonensmumupy

10U JO J[BUI,]

UOISSTWPE J& 2109S SSHIN

anfeA ueSonNIU BAIN POO[Qq JUII JSO]A

sInoy ¢ Ised ur 2100s SIDHJSY WNWIXBA

SINOY 7 Ise[ ur 9dA) Ueds SAISUIUL JSO]A

sinoy ¢ 1sed ur uaSonIu eoIn poo[q WNWIXe

[[9AA U99S IS8T 90UIS SINOH

Pa1INd20 SBY AWO0303qUIOIY) [BITUBYIIW JOUIY A\

UOISSIWIPE J& WINIPOS

uone[[Lqy [eme Jo KI101STH

anfeA 21nssaid poo[q OI[OISBIP JUSIAI JSOTA]

sInoY 47 1sed I9A0 WINIPOS WNWIXEIA

o1s snoradxd Jo 90UALINOID)

POIISTUTWIPE USAq SBY [OIUUBW IOYIOY A\

uolsuaradAy jo A103S1IH

UBDS JUSOAI JSOW UT PIAJOAUL ST AI0)IE [BIGOID IOLISIUE JYISYA
AW0)09qUIOIY} [EJTUBYISW JO SWIL],

anpeA AJITe[OWSO JUII JSOA

UBdS ISIY WOty 91098 SIDHAISYV

SINOY § 1XaU I2A0 T SSe[O 0) uonisuen Jjo A)iqeqoid passosse-N 1
sInoy 47 1sed 19A0 JUNOD [[90 POO[q ATYM WNWIXBA

simoy ¢ Ised 10A0 21nssaid poo[q OI[0ISeIp WNWIXEIA
uoIssIwpe Je a1nssaxd pooiq o1[0)seIq

JN[BA QUIUNBAID JUIII ISOI

By

21nssaxd poo[q OI[0ISAS JUII JSO]N

sinoy 4 1sed 1040 arnssoxd poo[q OI[0ISAS WNWIXEIA

sInoy 47 1sed I9A0 9500n[3 poo[q WNWIXBIA

sInoy ¢ 1sed 1040 31ys pue[3 [eaurd wnwixep

UOISSTWpE Je aInssaid poo[q o1[0ISAS

1918013 IO WIWE JO JUIWAINSEIW STIA ISIY JO dWIL],

sInoy ¢ Jsed IoA0 an[eA AJ[B[OWSO WNWIXBA

AIOJIIIS) SOI)S PIJOAJe JO 9ZIS

(0 UBY) J91BAIS JUIWdINSEIW SIA ISIY JO aul],

POIISIUTWIPE Ud9q SBY (%t €7 UONBIUIU0D) dulfes oTuoiIad Ay JyIay

s3daz1s

X ¢S)yur[[ol
paiosuad own ed)
b

ssymu

unq

syoadse~3urjox
adKye3ewr 3urfox
unq~3uIfjoI

P
POIOSUY QW Ju
Teu

Je

dap

'u_3UIj[ol

jons

AT [onuuew 3urfjol
my

X BOR
PRIOSUQD QW) IpIw
wso

PpoIosudY wy~ [sjoadse
I'§ INTI
ogqm~3uIfjox
dgp~3uryox

1dap

n

o[eo o3e

dgs

dqgs—3urjox
on[3-3urjox
s3d~oz1s~3urjjox
1dgs
PRIOSURD QW IPES[W
wso™~ JUIf[oI
AI0)1119) ) 01)S
PRI0SUQd QW) IpS[unsiy
A~ ¢gsiySurpjor

92an0§ uondrIdsa(y

douejroduw] e[y

aanje’d

3ged snodad woay panunuod — /£ J[qe], Arejuswjddng

37



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

PI0O9Y [BOIPSIA JuanIeq sInoy ¢ sed UI [0JIUURW JO UOTJRI)STUTWUPY Sl X [O)UUBW  JUI[[OX
PIOOFY [BIIPIIA JUMIR] asynd Ju2291 IO 91 osind
so3ew] orydeisoipey sInoy ¢ 3sed Ul ureip Je[noLuAARIXg 91 pA93uI[[ol
sagewy orydeiSorpey POAJOAUT JOAD SeM AI9)Ie [BIQRIQD JOLIJUER IOYISY AN 81 K"eoe~3uIfjox
so3ew] orydeisoipey ueds JUadal1 Jsow ur Juasaid oFeyrioway [eIYd919d Q1 1y
PI0OIY [BIIPIIA USR] aneA 21nssaxd [BLI91IE UBIW JUIII JSOI 61 dew
so3ew] orydei3oipey sinoy ¢ ised ur 9duanpuod ures 0) FunJels so3eYLIoOWaY [B1Yd9)od 61 7y~ 3urjox
so3ew] orydesdorpey 1012013 10 Wy payoeal i1siy yys pue[s [eaurd yorym je owly, 61 palosuaoown 1pgs3d
sogewy oryderSorpey SINOY ¢ 1sed UT JUSUIAOBIJO UIS)SIO IR[ISEq WNWIXEA 07C K)I1I9AS~00q 3ur[[o1
sogewr oryder3orpey SINOY 47 SB[ Ul PAJOJJe AIOJLLIQ) 9)OIS JO 9ZIS WNUWIXBIA 0¢ AIOILIIQ)9xoNs” SUI[[OX
sagewy orydeiSorpey SIn0Y ¢ 1sed ur 93eyLIOWaY [BIYd9}0d 1T 11y~ Sur[ox
PI0O9Y [BOIPSIA JuonIeq UOISSTWIPE J& QUIUNEAI) T 110
JwIr) pue 21ep JuaLn) T QuiySqo

PI0O9Y [BOIPAIA JUSed  SINOY 4 I1sed Ul (9§ €7 UOTIBIIUOUO0D) UI[es J1u0lIadAY JO UOBISTUTpPY T X €ZSIY Sur[ox
PIOOFY [BIIPIIA JUAMIR] JN[BA WNIPOS JUIIAI ISOIN €T BU
PI0O9Y [BOIPSIA JuonIeq an[eA 950oN[S Poo[q JUAIAI JISO]A €T on(3
PIOOIY [BIIPIIA JUAMIRg INOY JUALIND UT [0}IUUBW JO UOT)RIISTUTWIPY €T X [O}TuuBW
so3ew] orydeidopey 1918913 JO W | Payoral 1siy STIA YOIy Je dwlL], 7T PAIOSUdd QW P S[W
PI0OFY [BIIPIIA JUAMIR] PAISISIUTWIPE US9q SBY JUUWILBAT) ONJOWSO JIYIYA T A~ sonowso”3ur[ol
PI0O9Y [BOIPSIA JuonIeq SINoY ¢ 3sed UT 9N[BA SUIUT)BSIO WNWIXEIA ' 10 3urq[ox
PI0OFY [BIIPIIA JUAMIR] POIISTUTWIPE SBM Vd.I, YoIym Je QuIL], T PaI0sud o jped)
PI0OIY [BIIPIIA JUAMIR] INOY| JUALIND UI (9 ¢ UOIIBNUAOUO0D) uI[es O1uolradAy Jo uonensmumpy T X €SIy
9danog uondrsyq  dduejrodur] JAnePRY amjedq

3ged snodad woay panunuod — /£ J[qe], Arejuswjddng

38



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

93ed 1xou UO ponunuo)

UBJS JUSOAI JSOW UO AIOILLID) OIS PAJOJJJe JO ZIS S AIONIID) Y0NS

sInoy ¢ 3sed ur 2100s SI.DHJSY WNWIXBA 9y s10odse 3ur[[ox

POIISTUTWIPE UAq SBY Y.L JOYIOYM 9y paIosuad oy ed)

INOY JUALIND UI (%4 €7 UONBNUIIUOD) dUITes O1u03IddAYy Jo uonensmumpy 8t X €SI
sinoy ¢ 1sed ur ainssaid poojq J1[01SAS WNWIXBIA 6% dgs—3urjox

POIISIUTWIPE UIQq JABY SONOWSO JIYIYA NS A~ sonowso” 3ur[ox

wwy uey) 19)eaI3 juowainseaw Yiys pue(3 eourd 151y Jo awi], 'S PaIOSuUQd own Ipys3d
PA1INDJ0 Sey AWO0JOIqUIOIY) [BOTUBYOAW JOYIY A\ €g POIOSUY QW JuI

SINOY Q¢ IXaU ISAO0 [ SSe[D 0} uonisuen jo Aiqeqoid passosse-ATT IS 1 9¢ INTT
uone[[LIqy [eLne Jo AI10ISIH V'S Je

SInoY ¢ 1sed ur ueds asuIuI ISOJA 'S adKyeSewr 3urfox

SINOY Q¢ IXaU ISAO0 7 SSe[D 0) uonisuen jo Aiqeqoid passosse-AT1 s T 9CTINTI
sioy 47 ised ur anssaid poo[q S1[0)seIp WNWIXBA 9°G dqp~3urjjo1

SINOY Q¢ IXaU I2A0 () SSB[O 0} uonisuen jo Aiqeqoid passosse-ATT LS 0 9 INT1
UOISSTWPE JO QUIL], 6°S saxd

ueds JUIIAI JSOW JO A10318)) 6°S adKye8euur

SINOY $77 1XU I9A0 g SSe[d 0) uonisuen jo Ajiqeqoid passasse-]N T 6°S YO INTI
asind U921 ISON 09 asind

21005 SIDHJSY 181y Jo QL] €9 PaIOSudY W Jp[sioadse

SINOY Q¢ IXaU ISAO0 ¢ SSe[D 0) uonisuen jo Aiqeqoid passasse-ATT S9 €O INTT
Wiy uey) 191eals juowaInseaw Jiys pue[s [eaurd 1s1y jo oy, 89 palosuao ownIpgs3d
SINOY $77 IXU I2A0 () SSB[O 0} uonisuen jo Aiqeqoid passosse-ATT 69 0 ¥Z INT1
sInoy ¢ 1sed ur axmerodwo) Apoq WNWIXBIA 'L dwoy~3urjjox

Q1nssaxd poo[q OT[OISBIP JUIIAI ISOIN S'L dqp

SINOY §7 IXU I2A0 | SSe[D 0} uonisuen jo Aiqeqoid passosse-ATT 8L 1 2 INTT
SINOY 477 1XU I9A0 ¢ SSe[d 0) uonisuen jo Ajiqeqoid passasse-NTT T8 YT INTT
SInoY f¢ Ised UT PaIdISIUTWIPE Uadq SeY (9, ¢ UOTIBIIUIOUOD) dUI[es O1u0}1adAY Ioy1oy p\ S8 X €SIy gurfox
uoIsswupe je axnjerodwo) Apog 6 1due

UOISSTWIPE J& 9S[nJ 96 1esind

JUSWIAINSEIW SJJA] 0JOZ-UOU ISIY JO ON[BA L01 POIOSUY QWD S|WISIY

SINOY § 1XaU I2A0 () SSe[O 0) uonisuen jo Aiqeqoid passosse-NTT (Sl 08 INTI
WWIg Uey) J9)BAIS JUaWdINSLOW SIA 18I Jo aul], 9¢l PaIOSUQd oW T )PES[U

JUSUIAINSEOW S A 0I9Z-UOU ISI JO QWL 0¥l POIOSUQD QW) IPS[WISIY

SINOY § 1XaU I2A0 T SSe[O 0) uonisuen jo A)iqeqoid passosse-NTT ¥LE I 8 INTI
SINOY § 1XAU I2A0 ¢ SSe[O 0) uonisuen jo Aiqeqoid passasse-NTT 0 €S INTI
JUSUWIQINSEOW S I JU9I ISOIA 'Ly S[UQZIS

SINOY § 1XAU I2AO0 7 SSe[0 0) uonisuen jo Aiqeqoid passasse-NTT 68t T8INTI
an[eA juaxnd o) Jotid anfeA SN PRINSeaw Jse| LTL spur aoxd

321nog uondrsyq  ddueyrodwiy IAneRY aanjed |

‘-LAIN'TAH Aq pasn saanjeay Jo jsif djdwo)) :g a1qe], Areyuowaiddng

39



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

93ed 1xou UO ponunuo)

[O}UURW JO UOTJRI)STUTWPY
SINoY 7 1sed Ul anJeA QUIUNEBIIO WNWIXRA

jurod Aue je paIg)SIUTIPE UAq SeY [OJTUURU JISYISYA

un JuaIIn)

a1nssaid poo[q d1[03SAS JURDAI JSOIN

UOISSIWIPE J& WNIPOS

ERAY

UOISSTWPE J& 21098 SSHIN

SINOY 4/ JSB[ Ul PAIQ)ISIUIWIPE UIIQ S [OITUUBW JOYIY A\

UEBDS )SI 18 POAJOAUL SeM AIO)IE [BIGOID IOLIDIUE IYIOYA
UOISSTWPE 18 Ua30MNIU BaIn poo[g

PRIRISTUTWIPE SBM V. YOTUM B QW]

21nssa1d [BLILIE UBIW JUIIAT ISOIN

armjeradwa) Apoq 1U91 ISOIA

UOoISSIWpE Je 950on[3 poog

sInoy 47 ised ur 9s0on[3 poo[q Wnwirxejy

sInoy ¢ Ised oY} UL SUBDS UT PIA[OAUT U] SBY AIS)Ie [RIQRISD JOLIQUR IQUIOY A\
SInoY 7 1sed Ul AI0J1119) 9)OI}S PIJOaJe JO 9ZIS WNWIXBIA

UBOS JUSDAI JSOW UL POAJOAUL SeM AIO)IE [BIGAID IOLISUER JSYISYA
UOISSTWpE J& 2Inssald [e119)Ie UBIA

wn JuexIn))

on[eA WNIPOS JUIII JSOIA

9N[BA SUIUTJBAID JUSIAI JSOTA

AW0129qUIOIY) [ROTUBYOIW JO SWI],

sIoY ¢ 3sed UI JUNOJ [[30 POO[q AYM WINWIXEIA

JuswaINseaw JYrys pue[s [eaurd Ju9oa1 ISOIN

uoIsstwpe je arnssaid poojq o103seIq

aneA ua3onTU BAIN POO[Qq JUII JSO]A

UOISSTWPE & 2109 S1DAJSY

UOISSTUIPE J& JUNOD [[90 POO[q ATYM

SInoY 47 1sed Ul JuowaINSLaW STIA WNWIXRA

sInoy ¢ sed ur jusuwraInseaw JIys pues [esurd winwrxepy

simoy 4 1sed ur asind wnwrxep

sinoy f¢ sed ur arnssaid [e1I9)IE UBSW WINWIXEIA

SINOY 1,7 1sed Ul paIdISIUTWIPE Udaq Sty (%" ¢ UOTRIIUAIU0D) duI[es o1u0)1ad Ay Joyjay s
1UNOD [0 POO[Qq SATYM JUIIAI ISON

UOISSIWIPE J& JUIBa1)

SInoY 7 1sed UI pajodJje uadq Sey AIo)Ie [BIQIIS0 JOLISJUE JOUJOU A

X [ojruuetx

10~ 3urj[ox

AT [onuuew 3urjol
P

dqgs

Teu

oleo o3k

ssyru

X~ [ojruuRW - SUI[[OX
1eoe

runq
paiosuad own jped)
dew

dwa

1on[3

on[33urjo1
A~eoe3uIy[ol
KI0)1119) 901~ SUI[[OI
X BOR

[dew

QwIrysqo

BU

n
PRIOSUQD QW) IpIw
oqm—3urfox
sgd~oz1s

1dgp

unq

PaIosud own~ [ sjoadse
1o9Mm

S[W9ZIS SUI[[OX
s3d~oz1s~3urjjox
osind~3urj[ox
dew3urjjox

X~ ggsiy urfjor

aqm

110

X BOR™ JUI[[OI

90anog uondrsa(q

douejroduw] dAane[dYyY

aInjed

3ged snordad woay panunuod — g I[qe], Areyuswjddng

40



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

SInoY ¢ ised ur 9ouanguod Surured o3eyLIOWY [BIYI)] 1'0 7y~ 3urf[ox

sInoy ¢ Ised ur ageyrioway [BIYd910q 'l 11y Surjox

(9%¢ uonEeNIUAOUOD) JuI[es JIU0IRdAY JO UOBNSTUTWPY 91 X ¢Sy

PRIRISIUTWIPE U3q SeY (94" €7 UOHBIUIU0D) JUI[eS OruolIad Ay ooy 91 A~¢zs1y urppox
WG Uey) 1918213 JUSWINSEIW SN 18I JO QuiL], L'l PRIOSUY W JPGS[U

wwy, uey) 19eai3d 11ys puel3d [eauld wnwixew Jo aneA Q1 palosuad own §s3d

Wi/, uey) 1912213 JUSWINSEaW SN 18I JO QuiL], 81 PRIOSUQY QW P/ S[UW

Wi/, uey) I9JeaI3 JUSWAINSEIW SN WNWIXEW JO dN[BA 07¢ POIOSUY QW™ /STW

UBOS JUSDAI ISOW UO 9FBYLIOWY [BIYII] T 4L

PAIISTUTWIPE UI9q SBY (9 ¢ UOHBIUIIU0D) UI[ES OruolIad Ay JOyIaym €T K~¢s1y3urpox
sioy ¢ sed ur ueSonIu voIn poo[q WNWIXE ' unq_3uryjox

sinoy 47 Ised ur AJI[e[OWSO WNWIXBA T WSO~ SUI[[OI

SINOY ¢ 1sed UT JUSUIAOLIJO UI)SIO JR[ISEq WNWIXEA ST K)119A9s~00q~ 3ur[[ox

an[eA 9509n[3 poo[q JUIII ISO]A 9C on[3

anfeA AJTe[OWSO JUII JSOA 97T wso

10U JO J[BUWI,] 8C peh

SInoy ¢ jsed Ur an[eA WINIPOS WNWIXBA 67T 'U Sur[[o1

21005 SI.DAJSY U1 SO 0¢ syoadse

uoIssIupe je aInssaid poo[q d1[01SAS I’ 1dgs

3dano§ uondrsaq  ddueproduw] IAnBRY amjedq

3ged snordad woay panunuod — g I[qe], Areyuswjddng

41



Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke

Supplementary Table 9: Algorithm Comparison. A comparison of XGBoost and Random Forest performance on
five-fold splits on the derivation dataset.

Prediction Task Model

AUROC

AUPRC

Accuracy

24 hours

Random Forrest
XGBoost

86.0%(84.51%, 87.49%)
86.1%(85.37%, 86.83%)

68.0%(64.41%, 71.59%)
68.7%(67.87%, 69.53%)

62.0%(58.32%, 65.68%)
62.1%(60.53%, 63.67%)

8 hours

Random Forrest
XGBoost

86.0%(85.42%, 86.58%)
86.2%(85.68%, 86.72%)

67.0%(65.33%, 68.67%)
67.3%(66.84%, 67.76%)

63.0%(59.14%, 66.86%)
62.8%(61.61%, 63.99%)

Supplementary Table 10: Model Training Parameters. Final hyperparameters used in training HELMET-24 and
HELMET-8. Optimal hyperparameters were determined through cross-validation and bayesian optimizaiton across

successive model training runs.

Parameter

HELMET-24 HELMET-8

Maximum Tree Depth
Minimum Child Weight
Learning Rate

Gamma

Data Subsample
Regularization Lambda
Regularization Alpha
No-transition Sample Weight

7 4
1 10
0.0972 0.0669
1.32 0.0831
0.704 0.768
6.07 6.62
2.04 1.36
0.475 0.563
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Hybrid Machine Learning for Real-Time Prediction of Edema Trajectory in Large Middle Cerebral Artery Stroke
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