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In acute ischemic stroke, large vessel occlusions of the anterior circulation are increasingly treated with endovas-
cular therapy (EVT). The efficacy of this therapy depends on adequate treatment selection. Treatment decisions
can be based on predictions of functional outcome. Most existing studies predict functional outcomes using clin-
ical parameters. We set out to study functional outcome prediction performance by integrating imaging in a
multimodal setting. Using a multi-center dataset containing 2927 patients, we compare the functional outcome
prediction performances of clinical baseline models, including the clinically validated MR PREDICTS decision
tool, image-based models with deep learning networks, and a multimodal approach combining clinical and imag-
ing information. The predicted outcome measure is dichotomized modified Rankin Scale score 90 days after EVT.
We perform sanity checks, hyperparameter optimization, and comparisons of effectiveness of using CTA, NCCT,
or both images as input. Our experiments show that information extracted from CTA or NCCT images does
not significantly improve the performance, as quantified using AUC, of functional outcome prediction methods
compared to a baseline model. The multimodal approach may replace radiologically derived biomarkers, as its
performance is non-inferior.

1. Introduction tion plans to individual needs, optimizing resource allocation, and im-

proving recovery outcomes [8]. Furthermore, investigating functional

In recent years, mechanical thrombectomy, also referred to as en-
dovascular therapy (EVT), has emerged as an effective procedure for
the treatment of acute ischemic stroke (AIS) in patients with a large
vessel occlusion (LVO) of the anterior circulation [1-5].

Although recent developments indicate that EVT is feasible and
worthwhile in most patients, adequate functional outcome prediction
methods remain relevant especially in a delayed treatment setting [6,7].
These methods can provide patients with personalized prognostic in-
formation based on their unique clinical and demographic parameters.
Accurate predictions may help clinicians tailor treatment and rehabilita-
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outcome prediction offers insight into the interaction between stroke
imaging features and therapeutic outcomes after EVT.

Multiple scoring methods have been developed to prognosticate
functional outcome after EVT, using 90-day modified Rankin Scale
(mRSy,) as the outcome variable [9]. These methods are based on tra-
ditional statistical techniques and are generally not equipped to extract
information directly from radiological images. Additionally, they often
require radiological image biomarkers, which necessitates an arduous
process of expert annotation, complicated by the oftentimes high de-
gree of inter-observer variability [10]. Passing the radiological images
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through an Al based decision support system might circumvent the need
for expert annotation. Alternatively, these decision support systems may
be of benefit by bypassing the annotation process altogether, to directly
predict functional outcome.

We hypothesize that information encoded in baseline imaging, as
acquired for stroke patients prior to EVT, can be extracted using deep
learning-based methods. A deep learning model trained to effectively
predict functional outcome after EVT can be utilized in the clinical
decision-making process. The purpose of this study is to investigate
whether integration of medical imaging with tabular data improves
functional outcome prediction performance compared to more conven-
tional models based on tabular data alone.

1.1. Related work

Several recent studies have investigated the prediction of functional
outcome using a combination of clinical features as well as imaging fea-
tures extracted using deep learning-based methods. Table 1 summarizes
previous studies in this area. Zihni et al. used a combined model with
a Convolutional Neural Network (CNN) to extract imaging features, as
well as a Multilayer Perceptron (MLP) to process clinical data. They
compared a frozen weights based multimodal fusion approach to an
end-to-end based approach where both arms of the model are trained
in parallel. The imaging data consisted of 3D volumes of TOF-MRA im-
ages. They showed that an end-to-end multimodal model integrating
neuroimaging and clinical data leads to the best performance when pre-
dicting dichotomized (0-2 versus 3-6) mRSy, [11]. The difference in
AUC on the test set, however, while statistically significant, is minor and
unlikely to affect clinical practice. Bacchi et al. predicted dichotomized
mRS,, using several CNN and MLP based models, focusing on a combi-
nation of clinical and imaging data. For the imaging data, Non-Contrast
CT (NCCT) scans were used. Similar to Zihni et al., the best-performing
model was a combination of a CNN and an MLP [12]. The authors show
superior dichotomized mRSy, prediction performance when combining
a CNN and an MLP, compared to Totaled Health Risks in Vascular Events
(THRIVE, [13]), Houston IAT (HIAT, [14]), and Stroke Prognostication
using Age and NIHSS (SPAN100, [15]). In a comparative study it was
shown that these clinical scoring methods have been superseded by MR
PREDICTS in terms of discriminative performance [9], and as such the
method proposed by Zihni et al. should be compared with MR PREDICTS
as well, to achieve a fair comparison. Samak et al. also used NCCT imag-
ing data, in combination with clinical information [16]. They used a
custom deep learning architecture incorporating a convolutional encod-
ing branch with squeeze and excitation mechanisms followed by global
average pooling and a fusion block, which uses fully connected layers to
combine image features and clinical data. Their multimodal method has
an AUC of 0.75, outperforming an MLP trained solely on the clinical pa-
rameters, which achieved an AUC of 0.70. The proposed model was not
compared to externally validated clinical scores. Hilbert et al. [10] and
De Graaf [17] both successfully used deep learning models trained on
CT Angiography (CTA) images, showing that these images also contain
relevant information with regards to functional outcome prediction. In
the work of Hilbert et al., a ResNet modified with Structured Recep-
tive Fields outperforms machine learning models that used radiological
biomarkers, achieving an AUC of 0.71 on the functional outcome pre-
diction task. In their study, a multimodal outcome prediction approach
is not explored, instead the focus is on investigating whether a deep
learning model trained on imaging data can replace radiologically de-
rived features. Ramos et al. used atlas-based registration of CTA scans
to extract radiomics data [18]. Combining the imaging and clinical fea-
tures did not significantly improve the predictive performance, with an
AUC of 0.81 for the combined approach versus 0.80 for the clinical data
only approach. In a similar vein, Jabal et al. [19] extracted predefined
imaging features, such as e-ASPECTS score and CSF volume, from NCCT
and CTA images and combined these with clinical features using several
machine learning classifier methods. They also performed feature selec-
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tion using a Shapley value-based approach. The selected clinical features
were baseline NIHSS, age, occlusion side, and the time interval from
symptoms onset to admission. In addition to the clinical features, local
M5 infarct volume, local lentiform infarct volume, brain volume, per-
centage of lateral ventricle volume and collateral vessel deficit volume
were selected as imaging derived features, indicating that a combina-
tion of imaging features and clinical features leads to the best predictive
performance. eXtreme Gradient Boosting (XGB) on a selected subset at-
tained the best performance. Combining all imaging and clinical features
did not significantly outperform a model using only clinical features.

Park et al. have adapted the well-known U-Net architecture as a
multi-task model, combining stroke lesion segmentation on Diffusion
Weighted Imaging with functional outcome prediction. Interestingly,
the authors show a correlation between their extracted DWI imaging
features and the clinical features, indicating an overlap of information
between the MRI scan and the clinical data. The authors note an im-
provement from the AUC of 0.69 to 0.77 when comparing clinical to
combined clinical and imaging based classification models [20].

Jo et al. similarly compared clinical, image-based and combined clin-
ical and image-based analysis models. They perform a multi-stage deep
learning approach in which the image-based model outputs a single pre-
dicted probability, which is included as an input to the combined model.
Their integrated clinical and image-based model outperforms the estab-
lished THRIVE and HIAT scoring methods, achieving an AUC of 0.78,
which was also significantly higher than the image-only or clinical-only
models [21].

In recent years different approaches for outcome prediction is is-
chemic stroke have been tried based on multimodal deep learning tech-
niques. These prior approaches differ in their data integration strate-
gies. End-to-end fusion jointly optimizes imaging and clinical pathways,
whereas feature-level fusion combines pre-extracted features from each
modality before classification. Both these approaches have been tried
in literature. So far, although many works show promise, no publi-
cation has convincingly demonstrated improved clinical performance
compared to baseline tabular models.

1.2. Contributions

This manuscript is a follow-up and extension of previous work, where
we attempted to predict functional outcome using CTA images, tabular
data or a combination of both [22]. In this extended work, we investi-
gate a multimodal framework, combining the processing of clinical fea-
tures with the output of an image analysis backbone, which processes
NCCT and CTA images together. We compare the performance of state-
of-the-art deep learning-based medical image processing models with
clinical baseline models, to investigate whether functional outcome pre-
diction performance can be improved by incorporating images directly
into the model. Our work adopts an end-to-end approach, enabling si-
multaneous learning of complementary representations. We perform hy-
perparameter optimization and train the models with differing dataset
sizes to verify that we have sufficient data. We assess the difference in
performance of models trained on only NCCT or CTA images with those
trained on both. Training is performed on a dataset containing NCCT
and CTA images, as well as tabular features of 2927 patients, which,
to the best of our knowledge, is the largest combined CTA and NCCT
dataset on which such an effort has been undertaken so far.

2. Methods

In this study, we investigate three models, with multiple backbones,
for the prediction of dichotomized mRSy,. The mRS,, was dichotomized
to functional independence (mRSy, < 2) versus functional dependence
(mRSy, > 3) as this represents a meaningful threshold for treatment out-
come evaluation. Each model takes different input types, but the output
is always a prediction of dichotomized mRSy,. A schematic overview of
these processing models is provided in Fig. 1.
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Table 1
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Previous work in mRS prediction after 90 days. TOF-MRA: Time Of Flight Magnetic Resonance Angiography,
NCCT: Non-Contrast CT, CTA: CT Angiography, DWI: Diffusion Weighted Imaging, ADC: Apparent Diffusion

Coefficient. : Subgroup contains mRS,, score of 0-1.

Author Image Modality =~ AUC Multimodal =~ Total Dataset Size ~ Size of mRS,, 0-2 Subgroup (%)
Zihni et al. [11] TOF-MRA 0.76 313 87 (27.8%)
Bacchi et al. [12] NCCT 0.75 204 113 (55.4 %)
Samak et al. [16] NCCT 0.75 500 127 (25.4%)
Hilbert et al. [10] CTA 0.71 1526 463 (35.6 %)
De Graaf [17] CTA 0.78 1000 417 (41.7 %)
Ramos et al. [18] CTA 0.81 3279 1241 (37.8 %)
Jabal et al. [19] NCCT & CTA 0.84 293 101 (34.4%)
Park et al. [20] DWI 0.81 5429 3575 (65.9 %)
Joetal. [21] DWI & ADC 0.78 4147 2879 (69.4)
Tabular Data @ Tabular model

Radiological

Clinical

@ Concatenation

Exclusive Choice

Fully Connected

Layer (Outputs)

a.) Input data

b.) Backbones

Multimodal model
n ——
(e} ‘ 30

EI ;

M
UV

Imaging model

| ¢.) Models d.) Output

Fig. 1. Schematic overview of the different models. Panel a.: The tabular data contains radiological (RD) and clinical (CL) features, defined in Table A.3. The images
refer to NCCT and CTA scans of the same patient. Panels b. and c.: There are three different models using different backbones. The tabular model uses tabular data.
The imaging model exclusively uses an imaging backbone. The multimodal model concatenates the outputs from both models. Panel d.: Finally, each model predicts
dichotomized mRS,, as a binary outcome. For the fully connected (FC) layers, the number of output nodes is defined in parentheses. Training and validation were
performed using five-fold cross-validation on 90 % of the dataset (n = 2927), with 10 % held out for testing. NCCT: Non-Contrast CT, CTA: CT Angiography, ViT:
Vision Transformer, MeD: Med3D model, LR: Logistic Regression, MRP: MR PREDICTS model, MLP: Multilayer Perceptron.

The most straightforward model is the tabular model, which takes
tabular data as input. We subdivide the tabular variables into clinical
and radiological features, based on the steps required to obtain these
variables. Clinical features can be obtained by examining the electronic
health records. In contrast, the derivation of radiological features re-
quires a radiologist to inspect images. Age, baseline NIHSS, pre-stroke
mRS, diabetes mellitus, baseline systolic blood pressure, baseline glu-
cose, intravenous alteplase, and time from onset to groin puncture are
defined as clinical features. Collateral score, as assessed on CTA, occlu-
sion location (intracranial internal carotid artery, M1 or M2 branch of
the middle cerebral artery) and Alberta stroke programme early CT score
(ASPECTS) are considered radiological features. Table A.3 contains an
overview of these features. In the following, let us introduce a notation
for these feature sets. CL denotes the clinical features, RD denotes the
radiological features, and RD + CL denotes the combined radiological
and clinical features, also referred to as tabular features.

The tabular data consists of the predictors used by the MR PREDICTS
functional outcome prediction model [23], displayed in Table A.3. In
the tabular model, the tabular data are passed through a Multilayer Per-
ceptron (MLP) classifier, the MR PREDICTS outcome prediction model
(MRP) [23], or a Logistic Regression (LR) model. Note that MRP is a
specific instance of a Logistic Regression model, using the weights from
the original MR PREDICTS manuscript.

The imaging model takes preprocessed CTA, NCCT, or both images
as input, depending on configuration. Again, we introduce notation
for this. Let NC+CA denote the full image dataset (NCCT and CTA),
whereas CA will refer to only the CTA images, and NC will indicate using
only the NCCT images. The backbone of this model is either a modified
Med3D (MeD) deep learning model [24], or a Vision Transformer (ViT)
[25].

The third framework we consider is the multimodal model, which
concatenates the output of the clinical model with the output of the
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Fig. 2. Schematic overview of the modified Med3D architecture with ResNet50 backbone. The dark blue blocks represent three-dimensional convolutional layers.
White blocks represent batch normalization. The light blue block represents a Max Pooling operation. After multiple repetitions of these blocks, an Adaptive Average
Pooling layer is applied, followed by a final Fully Connected layer. Note that the blocks are repeating a different number of times, with residual connections
encompassing each block. DS: Downsampling module, which is a convolutional layer with an increased stride of 2. (For interpretation of the references to colour in

this figure legend, the reader is referred to the web version of this article.)

imaging model and concatenates the combined output into a fully con-
nected layer, allowing the output of both models to be combined in a
multimodal fashion. In our notation, MeDyc ca . refers to the MeD
model trained on images and clinical but not radiological features. Note
that ViT and MeD models always require a subscript NC+ CA, CA or NC
as they are inherently image processing architectures, whereas MLP, LR
and MRP will never process images.

2.1. Tabular data models

One of the three models evaluated in the tabular model is the Multi-
layer Perceptron. The model contains four fully connected layers. The
number of nodes per layer has been determined using hyperparameter
optimization. The first layer takes the tabular features as input, so ei-
ther RD, CL or RD + CL. The subsequent layers have 18,9, 10,9 outputs,
respectively. For each Fully Connected layer, the LeakyReLU activation
function is used to mitigate potential issues related to vanishing gradi-
ents [26], which might occur in the multimodal approach. In the tabular
model, the output from the final layer is mapped to a single node with
sigmoidal activation function, which predicts dichotomized mRSy,. In
the multimodal model, the results are concatenated with the output of the
imaging backbones, which consist of either MeD or ViT.

The other two tabular models we investigated were Logistic Regres-
sion (LR) and MR PREDICTS (MRP). For MRP, we take the weights as
defined in the paper, and as such, we can only use this model when com-
paring to RD + CL, the full tabular set of features [23]. For the LR model,
we fit a logistic regression on either the CL, RD or RD + CL feature sets.

2.2. Imaging models

MedicalNet, also referred to as Med3D (MeD) is a residual CNN
specifically designed for medical image analysis. It is intended for seg-
mentation purposes, but here we reconfigure it as a classification net-
work. It consists of a modified ResNet backbone with an upsampling
branch. The ResNet backbone is modified by changing the number of in-
put channels from three to either two or one, depending on whether we
input a single image type (NCCT or CTA) or both images. The combina-
tion of imaging modalities through multiple channels allows for mixing
of the different imaging modalities. It is further modified by expanding
the 2D convolution operations to 3D convolutions, to handle the volu-
metric CTA or NCCT inputs. Additionally, the stride in layers three and
four of the network is set to one, to prevent downsampling in the first
block. Finally, dilated convolutions are used in the downstream convo-
lutional layers to decrease the computational complexity. We employ a
transfer learning approach by initializing the Med3D architecture using
the weights that were stored after training the modified architecture on
the 3D segmentation dataset, as described in [24]. We further modify
the Med3D network by replacing the final segmentation layer with an
average pooling layer, followed by a linear layer mapping to 64 features.
As part of the imaging model, these 64 features are then mapped to a sin-
gle output node with a sigmoidal activation. In the multimodal model,

the imaging features are concatenated with the final layer of the MLP,
which contains nine features, which are then altogether mapped to a sin-
gle output node with sigmoidal activation function. In both cases, the
output prediction is dichotomized mRSy. Fig. 2 provides a schematic
overview of the MeD model.

The Vision Transformer (ViT) is a modification of the Transformer
natural language processing model, such that it can be used to handle
visual tasks [25]. While the original ViT is described as a model that han-
dles 2D input images, a three-dimensional extension of the ViT model
is provided by the MONAI consortium [27]. The ViT relies on the self-
attention mechanism as an alternative to the convolutional layer. An
important benefit of the ViT model is that it requires less computational
resources to train compared to conventional CNNs. Because the ViT em-
ploys the self-attention mechanism instead of convolutional layers, it
lacks the inductive biases commonly seen with CNNs, and as such it
requires a relatively large training dataset to attain satisfactory perfor-
mance [25]. Transformers are sequence-to-sequence models, but they
can be modified for classification tasks. To this end, a learnable clas-
sification token is added at the beginning of the patch embeddings se-
quence. The final hidden representation of this token is fed to an MLP
classification head. In the imaging model, the single output from the ViT
is again passed to a single node with sigmoid activation function to
mimic the structure of the MeD. For the multimodal model, the output
of the ViT is concatenated with the final 9 features of the MLP, which
are then altogether mapped to the sigmoidal output node to predict di-
chotomized mRSy,. See Fig. 3 for a schematic overview of the ViT model.

2.3. Multimodal models

The multimodal model fuses tabular inputs with the imaging input.
This is done by concatenating the output of an imaging backbone model
(ViT or MeD) with an MLP layer. An additional layer containing 9 fea-
tures takes the concatenated imaging and tabular features and maps
them to a single dichotomized mRS score. This allows for end-to-end
training of both the imaging and the tabular pathways in a combined
manner.

3. Data

We use imaging and tabular data from the MR CLEAN Registry,
which is a prospective observational study involving seventeen centers
in the Netherlands. Data collection started in March 2014 and was fin-
ished in 2018. These Registry data represent the standard of care for
stroke patients in the Netherlands. Patients over 18 years of age un-
dergoing arterial puncture with intention to perform EVT for AIS were
included in the Registry. Patients were excluded if imaging showed signs
of intracranial hemorrhage. Intervention consisted of arterial puncture
and catheterization with or without thrombus removal, with or without
administration of intra-arterial thrombolytics. The follow-up period was
three months. The data were acquired in a secondary care setting. So-
ciodemographic features were not explicitly registered in the Registry,
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Fig. 3. Schematic overview of the Vision Transformer (ViT) architecture. Three-dimensional patches from the CT images are linearly embedded, and positional
embeddings are added so the model can keep track of the patches in the sequence. The projected patches are passed as embedded vectors through the encoder
module. The first token in the sequence is passed to a Multilayer Perceptron, after aggregrating information from the other patches through the encoder. The

illustration is inspired by the original ViT manuscript by Dosovitskiy et al., [25].

which reflects the population of Dutch stroke patients eligible for EVT.
The primary outcome of the Registry is mRSy,, which was assessed by
research nurses, either in-person or through a telephonic interview. Out-
come assessors were not blinded to the baseline characteristics of the
patients. The study protocol for the MR CLEAN Registry was approved
by the ethics committee of the Erasmus MC University Medical Centre,
Rotterdam, the Netherlands (MEC-2014-235) [28].

The MR CLEAN Registry data is used for training as well as internal
testing. For each patient the dataset contains demographic information,
information about clinical parameters and patient outcomes. The patient
features we use as predictors are derived from the MR PREDICTS clinical
decision tool, displayed in Table A.3. The accompanying preoperative
NCCT and CTA scans are also available for each included patient, as well
as the mRS,, score.

Initially, we obtained 3577 patients from the MR CLEAN Registry,
with mRSy, score, NCCT and CTA scans available. An illustration of the
preprocessing model is provided in Fig. A.7. We started the preprocess-
ing process by registering each scan to a brain atlas ([29]) using the
ANTSs software [30].

After registration, the quality of the scans was assessed using vi-
sual inspection. Images were rejected (n=537) if NifTI conversion failed
(n=14), if there were insufficient image slices in CTA or NCCT (n=176),
if there were artifacts (n=151), if brain mask registration (n=146) or clip-
ping the image failed (n=44) due to insufficient brain coverage, and if
there were relevant DICOM tags missing (»=34). From the remaining im-
ages (n=3040), some were discarded due to limited image quality of the
final registered scans in either the NCCT or CTA (n=113). Images were
then normalized, from the standard range of Hounsfield units, between
-1000 and 3000, to between zero and one. After registration and normal-
ization, we stripped the skull from the images by using the brain mask.
We then conditionally mirrored the images along the sagittal plane, such
that the affected side is always on the patient’s left side. This was done
so that we can crop the image to improve computational and memory
efficiency. The final image has a width and a depth of [112, 80], respec-
tively, which is cropped from the original image size of [256,256]. The
height of the original images is variable depending on the number of
slices included in each scan as well as the slice spacing. On NCCT, the
median (IQR) slice thickness is 3 mm (1 — 5). On CTA, the median (IQR)
slice thickness is 1 mm (0.75 — 1.25). After atlas registration, 80 slices
were selected in a standard range to ensure optimal brain coverage. In
total, 2927 cases were left for our experiments. Ten percent of the data
(n=292) was used as a held-out test set, and the remaining data was
used for five-fold cross-validation, such that each training and valida-
tion set contain n=2050 and n=>585 cases, respectively. Clinical data were
normalized between zero and one across the entire dataset. Of the in-
dependent variables, at most 2% of the data was missing, which was
assumed to be missing at random, meaning the probability of missing-

ness depends only on the observed data and not on the missing values
themselves. Missing data were imputed for all independent variables
using Multiple Imputation by Chained Equations (MICE, [31]) with a
Gaussian Mixture estimator. We obtain AUC values and binary accu-
racy scores on each validation dataset. For each model, the fold with
the best validation performance in terms of AUC was selected for sub-
sequent statistical analysis. For each of the best-validated classifiers, we
obtained a Receiver Operating Characteristic (ROC) curve on the held-
out test data. We compared these curves using DeLong’s test [32] to
quantify the difference in performance.

4. Implementation

All experiments were conducted on a single GPU node on the Snel-
lius Dutch national supercomputer [33]. The compute node is equipped
with a 72-core Intel Xeon Platinum 8360Y CPU, 512 GB of RAM, and an
Nvidia A100 GPU. All software was written using Python [34]. Machine
learning code was written using the Pytorch framework [35]. Register-
ing and logging the performance of the deep learning models was done
using the MLFlow framework [36]. Each model was trained for 100
epochs, with an initial learning rate of le~!. An exponential learning
rate scheduler was used, with y = 0.91 such that the learning rate after
100 epochs is ~ le~5. Early stopping was employed, such that training
stopped when no noticeable decrease in validation loss was detected
after 50 consecutive epochs. Batch size was set to 16 for the imaging-
based models due to limitations on the available GPU memory, and 40
for the clinical-only models. For the images, data augmentation was ap-
plied consistently across both NCCT and CTA modalities, with a proba-
bility of 0.5. The augmentation consists of random rotations and transla-
tions. Rotations were applied along each axis with a range € [-15°, 15°].
Translations were applied at different settings per axis, such that the af-
fected area would always remain visible. The translation settings were
x-direction € [-5, 5] voxels, y-direction € [—15, 6] voxels and z-direction
€ [-5,5] voxels. The translations were selected to be in these ranges by
visually assessing their effects along each axis, ensuring that no cerebral
structures are cut out of the 3D image. Binary cross entropy was used
as a loss function. This loss is calculated using the raw output logits. A
sigmoid operation was applied to the logits to obtain output probabil-
ities. For optimization, the AdamW optimizer was used, with A = le2,
B, =0.9 and p, = 0.99 [37]. Losses, AUC scores, and binary accuracies
were registered for the training and validation set during every epoch
using the MLFlow framework [36].

5. Experiments and results

We performed five experiments:

1. Hyperparameter Tuning.
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2. Functional Outcome Prediction.

3. Sex Prediction Sanity Check.

4. Impact of Dataset Size.

5. Ablation Study of Image Modalities.

Each experiment is described below in detail, combined with its results.

5.1. Hyperparameter tuning

Hyperparameter tuning was performed on the full dataset exclud-
ing test-set, with the test-set again being used for evaluation. We used
the Optuna framework [38], with a Gaussian process based sampling al-
gorithm. For the MeD model we searched for the optimum number of
ResNet layers, I € {10, 18,34,50, 101} by comparing overall mRSy, pre-
diction performance in the imaging model using different backbones.

For the MLP model, we optimized the number of hidden layers, h €
{1...6} as well as the number of hidden units per layer, u € {4 ... 128},
and dropout d € [0.1,0.5]. For the AdamW optimizer we tuned the
weight decay, 4 € [0.0001,0.1], the learning rate y € [0.0001,0.01] and
By, B>) €1(0.5,0.9),(0.99,0.9999)] during training of the MeD backbone
in the imaging model. We also investigated the effect of a different learn-
ing rate in the setting of ViT backbone optimization for the imaging
model.

Hyperparameter tuning experiments empirically provided a con-
figuration of / = 50 for MeDyc carp+c1, Which we also adopted for
the other models using MeD as backbone (i.e. MeDyc,cac. and
MeDyc +ca)- Similarly, for the MLP model we found 4 = 3 and u = 20 to
be optimal. For the AdamW optimizer settings, we obtained y = 0.0001,
A=0.001 and (B, f,) € [(0.9,0.9999)], which we applied for all subse-
quent experiments. See Table A.4 for an overview of all hyperparameter
settings.

5.2. Functional outcome prediction

To assess the added value of a multimodal pipeline, we compare
the multimodal model with both the imaging model and the tabular model.
For each variation of each model, average 5-fold cross-validation perfor-
mance and held-out test set performance is shown in Table 2. The model
corresponding to the fold with the best validation performance was eval-
uated using the test set. DeLong’s test for comparison of ROC curves
on the test set reveals that there is no statistically significant differ-
ence between an MLP trained on combined tabular features (MLPgp , 1,

AUC=0.84), which we consider to be a baseline model, and the mul-
timodal ViT (ViTyc+carp+cL AUC=0.83, p=0.671) or MeD models
(MeDyc +carp+cr. AUC=0.83, p=0.158) trained on combined clinical
features and images.

All models trained on combined clinical features perform signif-
icantly better than the MLP trained on radiological features alone
(MLPyp, AUC=0.69, p<0.0001 for MeDyc 1 carp+ cL» ViTne+ carp+ o and
MLPgp 4+ c)-

The MLP(;, with AUC=0.80, also performs significantly better than
MLPgp, (p=0.003), but significantly worse than the multimodal models
(p<0.0001 for MeDyc 1 caRD +CL>
ViTyc+carp+cr and MLPgp , ).

MLPgp, with AUC=0.69, performs similarly to MeDycy cas
(AUC=0.69, p=0.915), and both perform significantly worse than the
aforementioned models. ViTyc, ca AUC=0.56, significantly worse than
MLPg, and MeDyc ., ca, With p < 0.0001 for both comparisons.

5.3. Sex prediction sanity check

Using ViTyc 4 ca and MeDyc 4 ca, We investigated sex-prediction per-
formance. We trained on the entire dataset excluding test-set and eval-
uated once on the test-set, to save computational resources. We trained
both models for 100 epochs, with early stopping and the AdamW opti-
mizer. We find sex prediction AUCs of 0.73 and 0.75, for ViTyc, ca and
MeDyc 4 ca respectively.
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Fig. 4. Model performance (expressed in AUC on the validation set) as a func-
tion of training dataset size. For the MeDyc, carp+ . model, performance no
longer substantially improves after 37.5 % (n = 769) of the data is included. For
the ViTycycarp+ o model, we see a similar plateau, which starts when 50 %
(n = 1026) of the data is used in training.

5.4. Impact of dataset size

To verify that we have a sufficient amount of data, we trained the
imaging models on different dataset sizes, going from 12.5% to 100 %
in increments of 12.5%. sizes. A performance plateau when increasing
the training set size is an indication that there is enough data available
for the models. Dataset size experiments for the MeDyc 4 ca rp + c1, model
show a plateau of the validation AUC value when 37.5 % (n=768) of the
total training dataset is used, with a maximum average validation AUC
of 0.77. For the ViT backbone, we see a similar pattern, where the av-
erage validation AUC attains a similar plateau around the 37.5 % mark.
The maximum value average validation AUC for the ViT model is 0.73
(Fig. 4).

5.5. Ablation study of image modalities

We performed functional outcome prediction experiments compar-
ing the performance of the imaging model when trained on NCCT and
CTA in a combined fashion versus the models trained on NCCT or CTA
individually. We did this to investigate whether there is a synergistic ef-
fect of combining NCCT and CTA imaging versus using either modality
alone Figs. 5 and A.6.

The MeDy 4 cp model, with a test-set AUC=0.60, shows similar per-
formance to the MeD,, where AUC=0.62, with (p=0.233), whereas the
MeDyc, with AUC=0.56 is significantly worse, with (p=0.034). We ob-
serve a similar effect when we compare the ViTyc,ca model, with
AUC=0.59 to the ViT, model, with AUC=0.56, p=0.313, whereas ViTyc
again performs significantly worse with AUC=0.53, p=0.04.

6. Discussion

We investigated whether adding NCCT and CTA imaging information
directly in a multimodal model improves functional outcome prediction
performance after acute ischemic stroke, when compared to using only
tabular data, which is standard practice in the field of functional out-
come prediction. We compared multiple deep learning frameworks and
included conventional statistical approaches.

We found that the addition of NCCT and CTA imaging in a
multimodal end-to-end fashion does not lead to statistically signif-
icant improvements in dichotomized functional outcome prediction
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Fig. 5. ROC curves of the best validated models evaluated on the test set. On the left are the imaging or tabular only models, and on the right we see the performances
of the multimodal model category. For the image or tabular only models, the MLPyy, , o; model performs best with an AUC of 0.84, whereas for the combined models,
ViTyc+ carp+c. model performs best with an AUC of 0.83. This implies that there is no added benefit of including imaging features.

Table 2

Performance of each classifier expressed in terms of Area Under the receiver
operating characteristic Curve (AUC) and binary accuracy (ACC). Val indicates
5-fold cross-validation performance, with standard deviation in parentheses.
Test indicates performance on the test set. The top table shows results for
tabular features: clinical (CL), radiological (RD), and combined (RD + CL).
The bottom table contains results for imaging features (NC + CA) combined
with clinical and radiological features.

CL RD RD+CL
Model Metric Val- Test Val- Test Val- Test
AUC - - - - 0.70 (+0.01) 0.71
MRP ACC - - - - 0.41 (+0.01) 0.33
IR AUC 0.70 (+0.01) 0.73 0.56 (+0.01) 0.60 0.79 (+0.01) 0.84
ACC 0.72 (+0.02) 0.74 0.61 (£0.01) 0.64 0.74 (+0.02) 0.80
MLP AUC 0.78 (+0.02) 0.79 0.62 (+0.06) 0.69 0.78 (+0.01) 0.83
ACC 0.71 (+0.02) 0.71 0.60 (+0.04) 0.67 0.69 (+0.02) 0.74
NC+CA,CL NC+CA NC+CA,RD+CL
Model Metric Val- Test  Val- Test Val- Test
MeD AUC 0.60 (+0.10) 0.70 0.60 (+0.10) 0.70 0.78 (+0.03) 0.82
ACC 0.59 (+0.04) 0.65 0.59 (+0.04) 0.65 0.72(+0.02) 0.75
VAT AUC 0.77 (+0.02) 0.75 0.57 (£0.01) 0.59 0.76 (+0.01) 0.83

ACC 0.72 (£0.03) 0.72 0.51(x0.04) 0.52 0.70(+0.01) 0.75

performance when comparing to models based on only tabular (clini-
cal and radiological) patient data.

These findings are comparable to related work, where similar deep
learning methods are applied on different imaging modalities to pre-
dict dichotomized mRSy. Studies performing outcome prediction using
only information available prior to endovascular therapy demonstrate
an AUC in the range of 0.71 - 0.84, [10-12,16,17,19-21,45]. These
studies integrate imaging either through an end-to-end deep learning
pipeline or through an intermediate feature extraction step. Various
imaging modalities are used, including CTA, NCCT and MRI sequences.
The size of datasets that were used also varies from 204 to 5429 pa-
tients included, see Table 1. The fact that multiple authors employing
different deep learning methods on distinct imaging modalities, have
not been able to convincingly demonstrate significant improvement over
conventional methods suggests that current functional outcome predic-
tion models do not benefit from multimodal data integration.

When comparing the performance of the models trained using CTA
or NCCT images only with the combined pipeline, we see that the per-
formance for models trained using only CTA is non-inferior to models

trained with CTA and NCCT combined. This implies that it is possi-
ble to use only the CTA images and achieve the same performance as
when using both modalities combined with clinical features. The fact
that MeDc, ¢, attains similar performance compared to the full tabular
models indicates that CTA images can replace the radiologically derived
ASPECTS and collateral features, alleviating the burden for the radiolo-
gist, who manually derives these scores in clinical practice.

The fact that we are unable to demonstrate any substantial benefit
when adding an image processing model to the tabular data model is
most likely due to the lack of complementary information in the images
compared to the tabular data. There are two potential explanations for
these findings.

Firstly, dichotomized mRSy is a rather noisy outcome measure, and
as such, the irreducible error is potentially high. Even with perfect in-
formation at the time of the event, the outcome is unpredictable due
to the 90-day waiting period between EVT and the measurement of the
outcome, as well as the course of the procedure itself. We note that au-
thors who incorporate post-EVT variables, such as Liu et al., reach an
AUC of 0.90 [44]. This indicates that the outcome of the EVT procedure
is highly predictive of the long-term outcome.

Secondly, it is possible that the information encoded in the images is
to a large extent overlapping with the most salient clinical features. In
a feature importance investigation, Ramos et al. show that age, NIHSS
at baseline and pre-stroke mRS are the three most relevant predictive
features among 50 variables [18]. We hypothesize that deep learning
models learn to assess this information in the images, although this
is challenging to verify due to the black-box nature of these meth-
ods. This would explain why the imaging model is able to predict di-
chotomized functional outcome moderately well (best AUC=0.60 for
the MeD model), while there is no additive effect when adding clini-
cal and radiological features to the imaging models. The added value of
imaging may be limited in this context due to redundancy of the clinical
and imaging features, and the relatively low image contrast for certain
prognostic markers. For instance, it may be challenging for the model
to derive age from the NCCT or CTA scan due to the inherent variability
in atrophy levels and other age related imaging biomarkers.

We performed hyperparameter optimization for the MeD and ViT
models in both the imaging model, as well as the multimodal model
settings. Due to the number of models involved in the experiments,
exhaustively investigating hyperparameter settings is computationally
prohibitive. Instead, we attempted to identify sensible hyperparame-
ters to optimize and to specify sensible ranges for these parameters.
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Nevertheless it is possible that we are introducing bias by tuning the
multimodal model models more than the tabular feature based MLP mod-
els. The fact that the performance of the multimodal model still does not
significantly surpass the tabular models shows that this potential bias is
practically not an issue.

To verify that our deep learning pipelines were working and that
the cross-sectional images contain predictive information, we per-
formed a sex prediction task using the CTA and NCCT images as in-
puts. The performance, with an AUC of 0.73, seems relatively low
for this simple task. Most models trained for sex prediction on head
CT are focused on cranial features, which are removed during our
brain-masking stage [39-43]. This might explain the lower perfor-
mance of our methods compared to other approaches, which are look-
ing at the shape of the brain without access to skull features. Never-
theless, these results indicate that the models are able to extract use-
ful information for a subsequent classification task directly from the
images.

Deep learning for medical image analysis can often be a challenging
field due to the relative data-scarcity. Indeed, the training datasets used
in previous work are often relatively small, particularly when multiple
imaging modalities are involved. Jo et al. are an exception, analyzing
DWI and ADC MRI sequences of a total of 4147 patients, achieving an
AUC of 0.78. The largest combined investigation of NCCT and CTA im-
ages, by Jabal et al. contains 293 patients, and an AUC of 0.84. In our
dataset size impact experiment we saw that the performance reaches a
plateau once approximately 50 % (n = 1026) of the total size of the train-
ing dataset is used for the ViT model, while MeD attains a slightly better
performance earlier. This indicates that adding more training data is un-
likely to increase the performance and that the models are approaching
an irreducible error limit. When comparing the imaging model trained
with both NCCT and CTA with models trained with either modality sep-
arately, we find similar performance for the CTA and full models in both
the MeD and ViT case, whereas the performance of models trained on
NCCT is again significantly worse, just as in the combined case. This
indicates that most prognostic information on stroke outcome is found
in the CTA. Models trained on NCCT do not seem to contain additional
information, as we did not observe a synergistic, complementary effect
when combining both modalities.

A limitation of this work is that we only used data from the MR
CLEAN Registry. The dataset reflects the Dutch stroke population, but
the models lack validation on international data and may be affected by
temporal distribution shifts as stroke treatment continues to develop.

In this study, we investigated the applicability of neural networks
when using NCCT and CTA images combined with tabular data in func-
tional outcome prediction for stroke patients undergoing EVT. One po-
tential new avenue of research would be to investigate whether the ad-
dition of CT-perfusion or MRI (DWI) information, for instance as a dif-
ferent input channel to the classifier, would further improve results.

The results also show that the MeDcy ¢;, model may be used as a
replacement for the radiologically derived parameters, and could there-
fore be used to implement a functional outcome prediction model in
clinical practice without increasing the radiological workload. Future
work should aim to evaluate and improve the clinical applicability of
this method.

Numerous approaches have been proposed with varying degrees of
reported performance. Future work should focus on comparing the dif-
ferent proposed methods to see which methods truly outperform the
baseline models when compared on an external validation set. While
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there is no statistically significant benefit of combining images with
tabular data, there is a potential use case for automated biomarker ex-
traction. Future work should additionally investigate how automated
biomarker extraction can be used to facilitate the inclusion of outcome
prediction models directly in the stroke care pathway.

7. Conclusion

We have compared multimodal deep learning techniques on the
largest combined NCCT and CTA dataset of stroke patients so far. Our
findings show non-inferiority of multimodal deep learning in combi-
nation with clinical features to the well-validated MR PREDICTS lo-
gistic regression model, with clinical and radiological features. While
multimodal deep learning cannot be used for fully automated func-
tional outcome prediction, there is a role for it in replacing radiolog-
ically derived features, potentially speeding up the outcome prediction
process.
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Fig. A.6. Data inclusion flowchart.

Neuroscience Informatics 6 (2026) 100260

A B
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Fig. A.7. Illustration of steps in the image preprocessing model. A: input CTA. B: registration to atlas. C: normalization of Hounsfield Units to [0, 1]. D: skull stripping.

E: affected hemisphere cropping.
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Table A.3
Baseline characteristics of the unimputed, unnormalized clinical data. Glucose in mmol/], BP: Blood Pressure in mmHg. ICA: internal carotid artery. M1-3:
branches of the middle cerebral artery. i: radiologically derived features.
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MR CLEAN Registry 1,2&3 (n=2927) MR CLEAN Registry mRS,, 0-2 (n=1261, 43.09%) MR CLEAN Registry mRS,, 3-6 (n=1666, 56.91 %)

Feature

Median Age (IQR) 72 (62-80) 68 (57-75)
Male % (n) 52.27 % (1530) 57.57 % (726)
Median ASPECTS (IQR)" 9 (8-10) 9 (8-10)

DM % (n) 16.06 % (470) 11.10% (140)
Mean Glucose (std) 7.38 (2.50) 6.97 (2.05)
Median baseline NIHSS (IQR) 15 (11-20) 13 (8-17)
Median pre-stroke mRS (IQR) 0 (0-1) 0 (0-0)

Intravenous Alteplase % (n)

70.21 % (2055) 76.36 % (963)

Occlusion location % (n)*

ICA 17.66 % (517) 12.69 % (160)
M1 45.27 % (1325) 47.89 % (604)
M2 22.45 % (657) 25.06% (316)
M3 or other 4.24% (124) 5.07 % (64)

Collateral score % (n)"

Absent 5.09% (149) 2.06 % (26)

<50 % 35.36 % (1035) 28.31% (357)
>50 <100 % 38.33% (1122) 41.63 % (525)
100 % 20.09 % (588) 27.04% (341)

Median Systolic BP (IQR)
Median time-to-groin (IQR)

150 (132-167)
190 (145-262)

147 (130-163)
175 (134-240)

76 (66-84)
48.25% (804)
9 (7-10)

19.81 % (330)
7.71 (2.76)
17(13-21)

0 (0-2)
65.55% (1092)

21.43% (357)
43.28 % (341)
20.46 % (341)
3.60 % (60)

7.38% (60)

40.69% (678)
35.83% (597)
14.83% (247)
150 (134-170)
205 (154-275)

Table A.4

Summary of Hyperparameter Tuning and Optimal Values.

Model/Component Hyperparameter

Search Space

Optimal Value

MeD (ResNet)
Hidden layers h
Hidden units u
Dropout d
Learning rate y
Weight decay 4
(B> B2)

MLP

AdamW Optimizer

Number of residual layers /

{10, 18,34,50, 101} 50

{1...6} 3

{4...128) 20

[0.1,0.5] 0.1
[0.0001,0.01] 0.0001
[0.0001,0.1] 0.001
[(0.5,0.9),(0.99,0.9999)] (0.9, 0.9999)
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