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BACKGROUND: Despite evolving treatments, functional recovery in patients with large vessel occlusion stroke remains variable
and outcome prediction challenging. Can we improve estimation of functional outcome with interpretable deep learning
models using clinical and magnetic resonance imaging data?

METHODS: In this observational study, we collected data of 222 patients with middle cerebral artery M1 segment occlusion
who received mechanical thrombectomy. In a 5-fold cross validation, we evaluated interpretable deep learning models for
predicting functional outcome in terms of modified Rankin scale at 3 months using ‘cf.ifgiiéﬁmariables, diffusion weighted
imaging and perfusion weighted imaging, and a combination thereof. Based on 50 test patieénts, we compared model
performances to those of 5 experienced stroke neurologists. Prediction performance for ordinal (modified Rankin scale
score, 0—6) and binary (modified Rankin scale score, 0-2 versus 3—6) functional outcome was assessed using discrimination
and calibration measures like area under the receiveroperating characteristic curve and accuracy (percentage of correctly
classified patients).

RESULTS: In the cross validation, the model based on clinical variables and diffusion weighted imaging achieved the highest
binary prediction performance (area under the receiver operating characteristic curve, 0.766 [0.727-0.803]). Performance
of models using clinical variables or diffusion weighted imaging only was lower. Adding perfusion weighted imaging did
not improve outcome prediction. On the test set of 50 patients, binary prediction performance between model (accuracy,
60% [55.4%—-64.4%]) and neurologists (accuracy, 60% [55.8%—-64.21%)]) was similar when using clinical data. However,
models significantly outperformed neurologists when imaging data were provided, alone or in combination with clinical
variables (accuracy, 72% [67.8%—76%] versus 64% [59.8%—68.4%] with clinical and imaging data). Prediction performance
of neurologists with comparable experience varied strongly.

CONCLUSIONS: We hypothesize that early prediction of functional outcome in large vessel occlusion stroke patients may be
significantly improved if neurologists are supported by interpretable deep learning models.

GRAPHIC ABSTRACT: A graphic abstract is available for this article.
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rapidly evolved. Mechanical thrombectomy (MT) for come.'? However, about 50% of patients treated with MT

Large vessel occlusion (LVO) stroke treatment has increased the number of patients with favorable out-
patients with stroke due to LVO has significantly  still experience major functional disability or death after
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Nonstandard Abbreviations and Acronyms

Ccv cross validation
DL deep learning
DWI diffusion weighted imaging

Lvo large vessel occlusion

MCA middle cerebral artery

MRI magnetic resonance imaging

mRS modified Rankin scale

MT mechanical thrombectomy

NIHSS National Institutes of Health Stroke
Scale

PWI perfusion weighted imaging

TMAX time to maximum

stroke.®* In their daily work, neurologists estimate func-
tional outcome, particularly when therapeutic decisions
are challenging. In addition, they disclose the expected
functional outcome early to patients and their families,
who want to know the patient's chance for functional
recovery versus risk for lifelong disability or death.

In routine clinical practice, neurologists use a combina-
tion of clinical variables and brain scans from computed
tomography or magnetic resonance imaging (MRI) for
functional outcome prediction. Currently, treatment deci-
sions and early prognoses in patients: with-LVO stroke
are heavily based on diffusion.weighted imaging (DWI)
and perfusion weighted imaging (PWI).* A small infarct
core and large tissue at risk-were previously shown to be
associated with favorable functional outcome, which is
why these imaging features are used to select patients
for MT2® Yet, more recent trials indicated that patients
with large infarct core or small tissue at risk may benefit
from MT as well.” Consequently, the benefit of consider-
ing acute stroke MRI in addition to clinical variables for
functional outcome prediction is not clear.

Generally, functional outcome prediction in acute stroke
patients is difficult. Practicing physicians perform poorly
in estimating functional disability at discharge® and after
6 months'® when being provided with established clinical
variables. Different scores like the DRAGON'" or ASTRAL
(Acute Stroke Registry and Analysis of Lausanne)'? were
developed to support functional outcome prediction and
have shown to outperform physicians.™ However, they are
rarely used in clinical practice, mainly because they ignore
imaging data.'*'® Machine learning models for predicting
functional outcome using imaging data and combinations
of imaging and clinical data were implemented and shown
to achieve similar or higher prediction performances than
the scores.'® Particularly deep learning (DL) models, which
learn relevantimaging features, have achieved outstanding
results on image analysis tasks.'” However, DL models for
functional outcome based on DWI and PWI besides clini-
cal variables are lacking. Moreover, although imaging data
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and clinical variables can easily be integrated in one DL
model,'® such models usually lack interpretability, prevent-
ing neurologists from trusting the results. To summarize, a
clinically suitable functional outcome prediction model is
expected to provide an excellent prediction performance,
comparable to or better than expert neurologists, integrat-
ing clinical variables, and imaging data but at the same
time, being transparent for neurologists to relate results to
their expert knowledge.’

The goal of this study was to develop a reliable predic-
tion model for functional outcome at the acute pretreat-
ment stage and to evaluate clinical variables and MRI
data regarding their value for indicating functional out-
come in patients with LVO treated with MT. In a previous
study, we found that outcome prediction in those patients
was not improved when using extracted core and mis-
match imaging features in addition to clinical variables."®
However, we assumed that DWI and PWI are highly rel-
evant for functional outcome prediction, which is why we
here used a novel class of DL models, learning relevant
imaging features, and yielding interpretable parameter
estimates for clinical variables, in addition to high predic-
tion performances. Furthermore, we assessed outcome
predictions of neurologists based on clinical variables,
MR, and a combination'thiéreof and compared them to
the model predictions using a subset of 50 patients.

METHODS
Data Availability

The corresponding author had full access to all the data in the
study and takes responsibility for its integrity and data analy-
sis. Investigators may request access to anonymized individual
patient data. Before use of the data, proposals need to be
approved by an independent review panel at Inselspital Bern. A
signed data sharing agreement will then be approved.

Cohort Description

We retrospectively collected data from LVO stroke patients
hospitalized between January 2012 and August 2017 at
Inselspital Bern, Switzerland. All patients had middle cerebral
artery (MCA) M1-segment infarction based on MR angiogra-
phy and underwent MT. All patients received acute stroke MRI
including DWI/PWI. Decision for MT required detecting an
LVO and a relevant clinical deficit. Mismatch or core size was
usually not considered for treatment decisions within a time
window of 6 hours from symptom onset, according to interna-
tional guidelines.'® Patients were treated with either Solitaire
AB, Solitaire stent retriever, or, rarely, with aspiration catheters
only. Generally, the first-line approach during the study period
was stent retriever—based thrombectomy using the Solitaire
Flow Restoration device and a balloon guide catheter whenever
possible.'® Recanalization success was scored by experienced
interventional neuroradiologists from post-MT angiogram
according to the TICI scale, with TICI score 2b-3 considered
successful recanalization. All patients had the same access to
state-of-the-art rehabilitation after stroke.
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Patients with missing outcome (modified Rankin scale [mRS]
score at 3 months), missing imaging data, or imaging data of
insufficient quality were excluded. Furthermore, we excluded
patients with previous territorial infarction evident on MRI or with
additional vessel occlusions other than clot extension to the inter-
nal carotid artery or distal MCA branches revealed by angiogra-
phy. Data from this cohort were previously analyzed in the study
by Hamann et al.'® For functional outcome prediction, we only
considered clinical variables and imaging data available before
treatment. Clinical variables included patient characteristics, risk
factors, prior medication, clinical scores, and other stroke-related
information (Table 1). Imaging data included DWI and PWI with
calculated maps of cerebral blood flow, cerebral blood volume,
and time to maximum (TMAX) >6 s. Detailed information about
the imaging protocol can be found in the study by Hamann et al.'®

Standard Protocol Approvals and Patient
Consent

The methods were performed in accordance with relevant
guidelines and regulations and approved by the cantonal Ethics
Commission of the Canton of Bern (No. 231/14). Written
informed consent was available for all participants.

Descriptive Statistics

Descriptive statistics were used to summarize the patient cohort.
Frequencies and percentages and medians and interquartile
ranges were calculated to describe categorical and continu-
ous clinical variables, respectively. Measures are reported for all
patients and for patients with favorable (MRS score 0-2) and
unfavorable (MRS score 3—6) outcomes.

Functional Outcome Prediction Models

We developed interpretable DL models based on (1) clinical
variables, (2) MR, and (3) a combination thereof to predict mRS
at 3 months. The models belong to a novel class of interpreta-
ble (deep) neural networks, enabling analyzing combinations of
unstructured data like images and structured tabular data such
as clinical variables.?° The models provide probabilities for the
7 mRS classes and parameter estimates for clinical variables
like odds ratios quantifying the effect of those variables on the
outcome. As input data, we used clinical variables and imag-
ing data considered as most important by expert stroke neu-
rologists. Clinical variables were age, systolic blood pressure,
diabetes, hypertension, smoking, prior stroke, functional inde-
pendence before stroke (MRS score 0-2), admission National
Institutes of Health Stroke Scale (NIHSS), treatment with intra-
venous thrombolysis, and time to groin puncture. Imaging data
included DWI and TMAX perfusion maps.

DL models were evaluated in a 5-fold cross validation (CV)
to account for the rather small sample size of 222 patients
(Figure S1). Therefore, we split the data into b test sets of equal
size. Data not contained in the respective test set were used for
training and validation (80:20 ratio). In each fold, we trained 5
randomly initialized versions of the model to consider uncer-
tainty in model parameters and potentially improve prediction
performance.?' The predictions of the 5 folds were then aver-
aged to 1 final prediction. We imputed missing values of clinical
variables (Table 1) using missForest?? Missing variables in the
test data were imputed based on the imputed training data sets.
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Table 1. Descriptive Statistics for Baseline Clinical Variables

Favorable Unfavorable
All (n=222) (n=119) (n=103)
Demographics
Age, y 73.54 (20) 68.80 (18.2) 79.20 (17.7)

Sex (female) 134 (60.4%) | 72 (60.5%) 62 (60.2%)

Risk factors

Diabetes 39 (17.6%) 15 (12.6%) 24 (28.3%)
Atrial fibrillation (n=1) 92 (41.6%) 39 (33.1%) 53 (51.4%)
Hypercholesterolemia 133 (60.5%) | 75 (63%) 58 (57.4%)
(n=2)

Hypertension 148 (66.7%) | 69 (58%) 79 (76.7%)
Smoker (n=20) 49 (24.3%) 35 (31%) 14 (15.7%)
CHD 35 (15.8%) 19 (16%) 16 (15.5%)
Peripheral artery 8 (3.9%) 3 (2.7%) 5 (5.4%)

disease (n=19)

Prior stroke 30 (13.5%) 15 (12.6%) 15 (14.6%)

Medication
Oral anticoagulation 21 (9.5%) 10 (8.4%) 11 (10.7%)
Statin therapy (n=1) | 49 (22.2%) | 25 (21.2%) 24 (23.3%)
Antihypertensive 130 (58.6%) | 61 (51.3%) 69 (67%)
therapy
On admission
Independent before 104 (96.3%) 80 (87.9%)
stroke (n=23)
NIHSS 12 (7) 15 (9.5)
Systolic blood 147 (29) 160 (35)
pressure, nmHg (n=8)
Diastolic blood 82 (25) 81 (22) 84.5 (27.5)
pressure; mmHg (n=9)
Glucose, mmol/L 6.5 (2.02) 6.2 (1.7) 6.75 (2.5)
(n=14)
HbA1c, % (n=41) 5.8 (0.6) 5.8 (0.5) 5.8 (0.9)
LDL, mmol/L (n=27) 2.4 (1.4) 2.5 (1.3) 2.4 (1.4)
HDL, mmol/L (n=34) 1.4 (0.6) 1.3 (0.6) 1.4 (0.6)
TG, mmol/L (n=35) 1.3 (0.8) 1.3 (0.8) 1.3 (0.9)
CRP, mg/L (n=21) 3(5) 3(3) 4(8)
INR (n=21) 1.0 (0.1) 1.0 (0.1) 1.0 (0.1)
Infarct side (left) 99 (44.6%) 54 (45.4%) 45 (43.7%)
Additional occlusions 38 (17.1%) 17 (14.8%) 21 (20.4%)
IVT 103 (46.4%) | 58 (48.7%) 45 (43.7%)
Onset to imaging, min 132 (210.5) | 128 (187) 149.5 (243)
(n=4)
Onset to groin 216 (231) 210.5 (190.75) | 230 (271)
puncture, min (n=7)
Collateralization status
(n=4)
Good 115 (52.8%) | 69 (58.5%) 46 (46%)
Moderate 78 (35.8%) 39 (33.1%) 39 (39%)
Poor 25 (11.5%) 10 (8.5%) 15 (15%)

Median (interquartile range) and frequency (percentage) for continuous and
categorical clinical variables for all patients and for patients with favorable (MRS
score, 0-2) and unfavorable (MRS score, 3—-6) outcome. The number of missing
values is indicated in brackets. CRP indicates c-reactive protein; CHD, coronary
heart disease; HbA1c, hemoglobin A1c; HDL, high-density lipoprotein; INR, inter-
national normalized ratio; IVT, intravenous thrombolysis; LDL, low-density lipopro-
tein; mRS, modified Rankin Scale; NIHSS, National Institutes of Health Stroke
Scale; and TG, triglycerides.
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Clinical variables were normalized by subtracting the mean and
dividing through the SD, both calculated based on the training
data of the respective CV fold. This ensures that correspond-
ing parameter estimates are directly comparable while larger
values in either direction (negative or positive) indicate higher
importance. DWI and TMAX perfusion maps were prepro-
cessed such that 3-dimensional image volumes were of dimen-
sion 128x128x28. Pixel values were normalized for improved
model training. Detailed methods, data preparation information,
model architecture, implementation, and training procedures
are summarized in the Supplemental Material (Supplemental
Methods; Figures S2 and S3). Prediction model development
and validation were performed according to TRIPOD guide-
lines.?® Code is available on GitHub (https://github.com/liherz/
functional_outcome_prediction_dl_vs_neurologists).

Functional Outcome Prediction of Stroke
Neurologists

The most important criterion for a model to be considered in
clinical practice is its prediction performance in comparison
to current stroke experts. Therefore, we asked 2 male and 3
female neurologists with a median (interquartile range) age
of 38 (9) and 10 (1) years of working experience in stroke,
currently employed at tertiary stroke centers in Switzerland, to
predict mRS at 3 months for randomly selected patients based
on (1) clinical variables, (2) MR, and (3) a combination thereof.
We provided several routinely collected clinical variables, sum-
marized in Table 1, as well as DWI and PWI (cerebral blood
flow, cerebral blood volume; TMAX maps). Clinical variables
only and imaging data only were from 50 different patients
(100 patients in total). The combination of clinical variables

Functional Outcome Prediction: DL vs Neurologists

and imaging data was of the same 50 patients as provided for
predictions based on clinical variables only. This allowed us to
evaluate improvements in mRS prediction when adding imag-
ing to clinical data. The experts were instructed not to switch
between the 3 modes and process cases sequentially.

Evaluation Procedure

We assessed prediction performance of DL models and stroke
neurologists for estimating ordinal (MRS score, 0—6) and binary
(mRS score, 0-2 versus 3-6) functional outcome. All reported
measures are test performances on patient data that were not
used during any stage of the model building process (Figure
S1). To evaluate DL models for binary functional outcome pre-
diction, predicted probabilities for mRS score 0 to 2 and 3 to 6
were summed up. For stroke neurologists, a prediction of mRS
score <2 was assigned to class mRS score O to 2, a predic-
tion of mRS score >2 to class mRS score 3 to 6. To achieve
a common prediction across all raters, we averaged ordinal,
respectively, binary rater predictions for each patient. For the
DL models evaluated in the CV, we report the negative log like-
lihood to take into account the whole predictive distribution of
the mRS. Furthermore, we calculated accuracy and quadratic
weighted Cohen k to measure the agreement between true and
estimated ordinal predictions. Accuracy shows the percentage
of correctly classified patients, calculated as the proportion of
true positive and true négative designations combined divided
by the total. The quadrafi'é weighted Cohen x ranges between
0 and 1 while penalizing predictions further away from the
true one more harshly. For binary predictions, we considered
accuracy-and area under the receiver operating characteristic
curve values. Calibration was assessed with brier scores and

NLL ACC

AUC BS
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Figure 1. Performance of deep learning models for binary functional outcome prediction.

Test negative log likelihood (NLL), accuracy (ACC), area under the receiver operating characteristics curve (AUC), and Brier score (BS) for models
based on clinical data, diffusion weighted imaging, and a combination thereof when evaluated in a 5-fold cross validation. Lower values of NLL
and BS and higher values of ACC and AUC indicate better performance. The single points show the 1000 bootstrap metrics used to calculate

medians and 95% Cls.
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Figure 2. Calibration of binary deep learning model predictions.

The figure shows the calibration of the predicted probabilities for binary functional outcome. To obtain calibration curves, we split the predicted
probabilities into 11 intervals of equal size and calculated the observed proportion and the average predicted probabilities of an unfavorable

outcome. In case of perfect calibration; the points fit the straight line.

calibration plots. We compared predictions of DL models and
stroke neurologists from those patients who were available to
the neurologists. Discriminatory measures included accuracy
and quadratic weighted Cohen «, respectively, sensitivity and
specificity in case of binary functional outcome. We constructed
95% Cls for all metrics by taking 1000 bootstrap samples from
the test data of size 500 and computing the 2.5th, 50th, and
975th percentiles of the resulting 1000 bootstrap metrics. For
evaluation of interrater reliability, we calculated Fleiss Kappa.?*

RESULTS

Cohort Description

We screened 578 patients with MCA-M1 occlusion.
We then excluded patients due to missing angiography
(n=4) or initial MR perfusion (n=267), imaging data of
insufficient quality (n=49), previous infarct signs (n=3),
additional cerebral vessel occlusion (n=6), and miss-
ing outcome (n=27; Figure S4). While history of stroke
was no exclusion criterion, we excluded those 3 patients
due to large areas of signal loss within the newly isch-
emic region. Reasons for patients to not undergo MRI
were MR contraindications (eg, metal implants), as well

Stroke. 2023;54:00-00. DOI: 10.1161/STROKEAHA.123.042496

as stroke-induced or preexisting comorbidities. These
included inability to lie flat (risk of aspiration or vomiting),
inability to lie still (agitation, disorientation, and aphasia),
or patients requiring intubation or other forms of con-
tinuous assistance due to clinical instability. In critically
ill or agitated patients, and in cases of insufficient renal
function, no PWI was performed. The final data set for
analysis consisted of 222 patients who were treated
with (n=217) or attempted to be treated with (n=5) MT.
The distribution of the mRS at 3 months was as follows:
n=32 (14.41%), n.=48 (21.62%), n,=39 (1758%),
n;=32 (14.41%), n,=32 (14.42%), n,=5 (2.25%), and
n;=34 (156.32%). Clinical variables are summarized in
Table 1. Overall, a favorable outcome was achieved in
54% of the patients. Of the patients, 78% were success-
fully recanalized. Five patients experienced symptom-
atic intracerebral hemorrhage. The median (interquartile
range) age was 73.54 (20) years; the admission NIHSS
score was 13 (9). Patients with favorable outcome
were younger, suffered less often from atrial fibrillation
or hypertension, were more often smokers, and less
often exposed to antihypertensive therapy. On admis-
sion, patients with favorable outcome were more often
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independent before stroke (mRS score, <2) and showed
lower NIHSS, systolic blood pressure, glucose, and CRP
(c-reactive protein) values.

Functional Outcome Prediction Models

Performance of DL models for binary functional outcome
prediction when evaluated via CV based on the 222
patients is summarized in Figure 1.

Figure 2 shows calibration plots. For the sake of sim-
plicity, we only report results of models using imaging
data in terms of DWI. Using TMAX perfusion maps alone
or in combination with DWI yielded similar results but
increased model variability (Figures S5 and S6). The DL
model based on a combination of clinical variables and
DWI achieved the best results (area under the receiver
operating characteristic curve, 0.761 [0.712-0.805]).
Performance of the model based on DWI only was simi-
lar in terms of negative log likelihood but slightly worse
when considering accuracy and area under the receiver
operating characteristic curve. Providing DWI only yielded
slightly better results than using clinical variables only
(area under the receiver operating characteristic curve,
0.729 [0.681-0.774] versus 0.672 [0.625-0.721]). The

Functional Outcome Prediction: DL vs Neurologists

negative log likelihood showed a higher variability of the
DL model based on clinical variables and DW| compared
with the models based on 1 modality. Brier scores and
calibration plots indicated good calibration in all 3 mod-
els (Brier score, 0.226 [0.21-0.24 1] for clinical variables,
0.208 [0.191-0.225] for DWI, and 0.198 [0.176-0.219]
for clinical variables and DWI). Ordinal functional out-
come prediction was worse compared with binary func-
tional outcome prediction but yielded similar results when
we compared the 3 models (Figures S7 and S8).

Functional Outcome Prediction Models Versus
Stroke Neurologists

Binary prediction performance of DL models and stroke
neurologists, based on the same 50 randomly selected
patients, is shown in Figure 3. The DL model integrating
clinical variables and DWI achieved the best results (accu-
racy, 72% [67.8%—"76%)]). Performance of models using
clinical variables (accuracy, 60% [55.4%-64.4%)]) and
DWI only (accuracy, 61.4% [56.6%—-65.6%)]) was com-
parable but lower than those of the DL model using both
modalities. Stroke neurologists (accuracy, 60% [55.8%—
64.21%]) and modelsachieved similar performances
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Figure 3. Models vs raters: binary functional outcome prediction.
The figure shows the results in terms of accuracy (ACC), sensitivity (SENS), and specificity (SPEC) for models (red), individual raters (light blue),
and the raters average (AVG; dark blue) when predicting binary functional outcome based on different input data. The raters AVG is based on the
binarized raters’ predictions averaged for each patient. For all metrics, higher values indicate better prediction performances.
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based on clinical variables only. However, when imaging
data were provided, alone or in combination with clini-
cal variables, DL models outperformed stroke neurolo-
gists significantly (accuracy, 61.4% [56.6%—-65.6%)]
versus 55% [50.8%-59.6%] for imaging data and 72%
[67.8%—76%)] versus 64% [59.8%-68.4%)] for clinical
variables and imaging data). DL models outperformed
neurologists in terms of sensitivity, that is, they more
often correctly classified patients with favorable out-
come. On the contrary, neurologists achieved similar or
slightly higher specificities when being provided with
imaging data. Apart from 1 rater, all raters achieved simi-
lar or slightly better results when adding imaging data
to clinical variables. Again, performance of models and
stroke neurologists for ordinal functional outcome pre-
diction was worse but yielded similar results (Figure S9).

Overall, we observed large differences in functional
outcome prediction between raters. According to Fleiss
classification, there was only slight agreement when pre-
dicting binary functional outcome (x, 0.205 for clinical
variables, 0.134 for imaging data, and 0.216 for clinical
variables and imaging data). Interrater agreement for
ordinal functional outcome prediction was poor (x, 0.07
for clinical variables, 0.06 for imaging data, and 0.072 for
clinical variables and imaging data).

Clinical Predictors for'Functional Outcome

The most important predictors for the 2 models integrat-
ing clinical variables were admission NIHSS and age

Functional Outcome Prediction: DL vs Neurologists

(Figure 4). Note, odds ratios for clinical variables indicate
the risk for a worse outcome when the respective variable
is increased by 1 SD while all other variables are held
constant. Like the models, the majority of stroke neu-
rologists considered admission NIHSS and age as highly
important for estimating functional outcome (Table 2).

DISCUSSION

Functional outcome prediction in patients with LVO stroke
is challenging. We presented DL models, which do not
only integrate imaging but also clinical data by simultane-
ously providing interpretable parameter estimates for the
variables. We showed that our model based on DWI and
clinical variables reliably predicts functional outcome and
outperforms current stroke experts. Like the DL model,
most neurologists achieved the best performance when
being provided with clinical and imaging data. However,
although all neurologists had comparable experiences,
there was only slight agreement in outcome predic-
tion. This is in line with previous studies, which showed
that practicing physicians predict functional outcome
relatively inaccurate based on clinical variables.®'® Our
models could, thereforey be a valuable, objective tool for
supporting neurologistsfin‘prognostic decision-making.
To apply functional outcome prediction models in clini-
cal practice, a high prediction performance is indispens-
able. Although different scores for functional outcome
prediction exist and have shown to outperform physi-
cians, those scores ignore imaging data.'® In our previous
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Figure 4. Odds ratios for clinical variables.

The figure visualizes the estimated odds ratios for clinical variables obtained with the model based on clinical variables only and the model based

on clinical variables and diffusion weighted imaging. Variables are normalized and sorted with respect to decreasing effect size. CV indicates cross

validation; and IVT, intravenous thrombolysis.
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Table 2. Importance of Variables According to Stroke Neurologists
Rater 1 Rater 2 Rater 3 Rater 4 Rater 5
Clinical parameters Age Independent before Admission NIHSS | Age Admission NIHSS
stroke
Admission NIHSS | Age Independent Admission NIHSS | Infarct side

before stroke

SBP Additional occlusions | Age Collateral score Onset to imaging, min
Imaging parameters DWI DWI DWI DWI DWI

CBF/CBV CBv Mismatch cBv Mismatch

TMAX CBF CBV/CBF CBvV

The table summarizes clinical and imaging parameters that were mentioned by stroke neurologists as the 3 most important predictors indicating
functional outcome. CBF indicates cerebral blood flow; CBV, cerebral blood volume; DWI, diffusion weighted imaging; NIHSS, National Institutes
of Health Stroke Scale; SBP, systolic blood pressure; and TMAX, time to maximum.

work, analyzing the same patient cohort, we have shown
similar or slightly higher performances compared with
the THRIVE score®® when predicting favorable func-
tional outcome using clinical variables and extracted
brain imaging features.'® However, only the DL models
developed in this study further improved outcome predic-
tion when adding imaging to clinical data. This highlights
the importance for analyzing raw imaging data with DL
models and indicates that DWI and PWI contains more
relevant information than the traditionally considered
imaging features. To further investigate those imaging
modalities, we plan to highlight image regions that were
most important for predicting functional outcome. This
might give new insights into stroke pathophysiology and
further enhance our understanding of stroke. Adding
PWI to DWI did not improve outcome prediction, which
is in line with previous observations.'® Besides modeling
raw imaging data, integrating clinical variables appears
important. Using clinical variables or DWI only resulted
in lower prediction performances. However, those per-
formances were comparable to other studies predicting
functional outcome with machine learning approaches
using clinical variables' or CT Angio.'” Although DL
models for functional outcome prediction based on
clinical and imaging data exist,’® those models are not
interpretable. In contrast, our models provide odds ratios
for clinical variables, enabling a reliable quantification of
model predictions.

Our study has limitations. One is the rather small
sample size. This is because we only included patients
with MCA-M1 occlusion and acute stroke MRI for
increased quality and decreased variability. To account
for this, we applied a CV setting, used pretrained neu-
ral networks, and performed data augmentation when
modeling imaging data.?5?” Nonetheless, we expect our
models to perform better when more data are available.
However, prediction performances were comparable or
even higher than in other studies with similar?® or larger
sample sizes."*'” Based on these findings and the limited
width of computed Cls, we are confident that our results
allow valid conclusions about predictive performance
of our models, despite the rather small sample size. As

8 July 2023

an additional limitation, our data set is monocentric, and
since we only included patients with MCA-M1 occlusion,
results are not directly generalizable to other patients
with LVO strokes. Moreover, we cannot completely rule
out bias toward patients with a better outcome due to
exclusion of patients for whom no 3-month mRS score
was available.

In summary, our interpretable DL models reliably esti-
mate functional outcome and chances for recovery early
after LVO stroke in patients.ireated with MT. They first
analyze a combination, bf ‘clitiical variables and imaging
data and simultaneously provide interpretable param-
eter estimates. They build the basis for future research
for treatment decision-making and show the potential
of interpretable machine learning models to transform
health care. Moreover, in a direct comparison with stroke
neurologists, they outperformed current experts who
showed a high variability in prediction performance. We,
therefore, hypothesize that functional outcome predic-
tion of stroke neurologists may be significantly improved
if they are supported by such models. Currently, we plan
a prospective, controlled clinical trial to investigate how
stroke physicians arrive at their predictions and whether
prediction performance increases when neurologists are
supported by our models.
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