creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

DWI-FLAIR A} <]

Identifying stroke onset time on DWI-FLAIR mismatch using

deep learning with multi-task learning: validation with external

datasets

7

o ¥



1

wAO

O

©)

DWI-FLAIR

| B

ﬂ

]

=
=

onset <

=
=

2023 08 ¥

7

SEE.



AR H T =
AARRIE o] & T
AR o] 2 A

< AF O 8 oo

20234 08 €

[e13
<1

2]

M
et



Abstract

The treatment of acute ischemic stroke, which has a strong correlation between the
time clock and tissue progression, heavily relies on the onset time. However,
determining the exact timing of onset can be challenging due to factors such as
stroke occurrence during sleep or unclear onset. To address this issue, previous
studies have utilized the signal mismatch between DWI and FLAIR images to
estimate the elapsed time after stroke onset.

In this study, our goal is to develop a technique for determining the time elapsed after
stroke using deep learning with multi-task learning (MTL) approach based on MRI
image biomarkers. We aim to evaluate the performance of this technique using
external validation datasets.

The proposed model takes a combination of ADC, FLAIR, and DWI-b1000 volumes
as input, and performs simultaneous prediction of stroke onset time and infarct
segmentation for time windows of 3 hours, 4.5 hours, and 6 hours using MTL. The
backbone of the model is the 3D patch based SwWinUNETR model, with the addition
of auxiliary classifiers in the bottleneck layer. A voting ensemble of patch-level
classifiers is performed at the patient level for classification. The auxiliary classifiers
count and vote for onset identification based on the presence of infarction in patches
using the predicted mask.

For the classification task, we compared the performance of our model with 3D
DenseNet and 3D patched DenseNet using internal validation, using AUC, accuracy,
specificity, and sensitivity as evaluation metrics. We also compared the performance
of onset classification for 4.5 hours using two external validations. For the
segmentation task, we compared the performance of DINTS, UNETR, nnUNET, and
our proposed model using IOU and Dice coefficient as evaluation metrics. Overall,

our proposed model showed superior performance in classification compared to the



compared models, and it also demonstrated similar or improved segmentation results
compared to nnUNET. Additionally, when predicting onset time, the model showed
attention to the lesion by extracting Grad-CAM from the encoder, indicating its focus
on the infarction during training. We provided both quantitative and qualitative
evaluations across multiple segmentation and classification tasks. This MTL-based
model showed better performance in identifying stroke onset time in internal and two
external validations, demonstrating its potential for potential clinical use. The
proposed model has the potential to assist in performing thrombolysis therapy at the
appropriate time for stroke patients with unclear onset time by predicting the onset

time accurately.
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Abbreviations

AIS (acute ischemic stroke)

IV-tPA (intravenous recombinant tissue plasminogen activator)

DWI (diffuse-weighted imaging)

ADC (apparent diffusion coefficient)

FLAIR (fluid- attenuated inversion recovery)

MTL (multi-task learning)

RPN (region proposal network)

TSS (stroke symptom onset)

Swin UNETR (Swin U-Net Transformer)

SPM (Statistical Parametric Mapping)

PPV (positive predictive value)

NPV (negative predictive value)

ROC (receiver operating characteristic)

AUC:s (areas under the ROC curves)

DSC (dice similarity coefficient)

IOU (intersection over union)

Grad-CAM (gradient-weighted class activation map)
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Introduction

Stroke is the second leading cause of death and disability worldwide, with more than 13
million cases reported each year [1]. One in four people experience stroke throughout their
lifetime and ischemic strokes comprise 62% of all strokes, which often result in
irrecoverable neurological sequelae, morbidity, and mortality [2]. For acute ischemic stroke
(AIS) patients, vascular recanalization is the most important factor in deciding the patients’
prognosis, [3] and although the role of mechanical thrombectomy has expanded, proper
administration of intravenous recombinant tissue plasminogen activator (IV-tPA)
thrombolysis within 4.5 hours after symptom onset is critical for improving patients’
functional outcomes [4-7]. To choose right candidates for intravenous thrombolysis,
identifying the exact time of symptom onset is a very important issue, but about 25% of AIS
event are known to occur during sleep, as we call it wake-up stroke, and thus it is difficult to
determine the exact symptom onset time [8-11]. To address this problem, many studies have
confirmed that the symptom onset time can be predicted using the inconsistency between
diffuse-weighted imaging (DWI) and fluid- attenuated inversion recovery (FLAIR) imaging
(visible acute lesion on DWI and lack of prominent hyperintensity on FLAIR in the
corresponding region) [12-15]. For instance, the water diffusion change due to brain tissue
ischemia can be detected within minutes from the symptom onset through reduction of
apparent diffusion coefficient (ADC) values [16-18], while the increase in water diffusion
can be visualized in T2 images as high intensity after 1-4 hours from the onset [18, 19].
Accordingly, mismatch of multiparametric MR imaging has been used to estimate the
elapsed time of 4.5 hours after the onset of the disease in ischemic stroke patients and to
determine the stroke age in AIS patients whose onset time is unknown [20-22]. In practice,
the 2019 update on the ASA/AHA guideline for the early management of patients with acute
stroke newly recommended that DWI-FLAIR mismatch can be used for choosing patients

who may benefit from IV alteplase in the setting of unclear time of symptom onset based on



the WAKE-UP trial [6]. However, human readings of mismatch DWI-FLAIR signals
generally tend to have low-to-moderate intra- and inter-rater variability, which brings large
differences in specificity and sensitivity for predicting whether the symptom onset time is

within 4.5 hours or not [20, 21, 23-25].

Single task learning with identifying AIS

There have been numerous studies using machine learning and deep learning methods to
identify stroke onset. In terms of machine learning, one approach involved extracting 89
vector features from each image sequence and using them to develop three models: logistic
regression, support vector machine, and random forest [26]. Another study utilized a two-
modal MR image (DWI, FLAIR) along with a machine learning classifier trained on lesion
segmentation from DWI to determine time since stroke [27]. These models shared the
commonality of extracting features based on lesion information and lacking external
validation, which may raise concerns regarding their robustness and reproducibility. Several
deep learning methods have also been proposed. In this particular paper, the focus was on
developing machine learning models to classify stroke patients with unknown time since
stroke, and a deep learning model was introduced to extract hidden representations from
perfusion-weighted MRI images, resulting in improved classification. However, overall
performance in previous studies has been suboptimal, and similar to the machine learning
approaches, external validation was lacking [28]. Another study presented a deep learning
model for automatically determining time since stroke, but it exhibited discrepancies in

performance compared to external validation [29].

Multi-task learning
Multitask learning (MTL) is a learning paradigm that aims to improve the generalization

performance of multiple related tasks by leveraging their relational information [30]. While



MTL has not been used for predicting the onset of AIS so far, it has been applied to other
medical images. In the case of 2D ultrasound images, a modified U-Net-based multi-feature
guided CNN architecture was proposed. They added a classification branch to the bottom of
the U-Net for simultaneous segmentation and classification of bone surfaces in 2D
ultrasound data [31]. Additionally, a joint training network combining a region proposal
network (RPN) backbone with three sub-networks for detection, classification, and
segmentation of skin lesions was proposed [32]. However, when processing CT, MRI, and
other medical images, using 2D CNNs with single CT slices as input fails to leverage the
temporal context from adjacent slices. On the other hand, 3D convolution kernels can utilize
the inter-slice context from volumetric inputs. 3D CNNs can leverage both spatial and
temporal features compared to 2D CNNS, resulting in improved performance. Therefore, our

model proposes a 3D patch-based transformer model using multi-task learning.

Transformer with vision tasks
Previous studies on AIS onset time prediction have focused on extracting infarct features,
which often involves a complex and cumbersome process. To overcome this challenge, deep
learning models can be employed to automatically segment infarcts and extract relevant
features. Ensemble models based on simple U-Net architectures have demonstrated
promising results in brain infarct segmentation. For example, Kamnitsas et al. [33] proposed
a robust segmentation model by combining outputs from various CNN-based models, such
as 3D U-Net, 3D FCN, and Deep Medic. Zhou et al. [34] introduced an ensemble of CNN-
based networks that leveraged multi-scale contextual information through an attention block.
Isensee et al. [35] developed the nnU-Net model, showcasing competitive performance in
this field.

Transformer-based models, which have gained attention in natural language

processing and computer vision, have also made an impact in medical image analysis [36-



38]. Vision Transformers (ViTs) [38] have particularly excelled in computer vision
benchmarks, thanks to their self-attention module that captures long-range dependencies
between token embeddings and enables effective contextual representations [39]. UNETR
[40] stands out as the first methodology to utilize a ViT as an encoder without relying on a
CNN-based feature extractor. Although UNETR has demonstrated excellent accuracy and
efficiency in various medical image segmentation tasks, transformer-based models
employing Swin Transformers have been introduced [41, 42]. Swin Transformers are
hierarchical vision transformers that compute self-attention using a shifted window
partitioning scheme, making them suitable for tasks that require multi-scale feature
extraction. Therefore, we propose a model that incorporates an auxiliary classifier into the
Swin UNet Transformer (Swin UNETR) [43]. This model performs infarct segmentation and

simultaneously predicts AIS onset time based on the segmented infarcts.

Objectives

1. Automatic end-to-end algorithm without human effort using segmentation and
classification method with multi-task learning.

2. Demonstrate that our method outperforms human reading method, the previous
radiomics-based ML, and DL method.

3. We visually demonstrated the explainability of our method by using activation maps,
focusing on the infarction of the DWI-FLAIR mismatch.

4. Our model was validated for robustness and reproducibility through two external

validations.



Onset Time Prediction with DWI-FLAIR Mismatch using Multi-Task Learning
1. Dataset

1.1. MRI protocols

The study used three 1.5T clinical systemic MRI scanners from different vendors (Avanto by
Siemens, Signa by GE Medical Systems, and Archieva by Philips Medical Systems), each
equipped with standard head coils. The acute stroke MRI protocol for each patient involved
obtaining DWI and FLAIR sequences, with the ADC values being automatically generated

from the DWI scans using the scanners' built-in software.

Figure 1. Data flowchart of training and validation dataset
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1.2. Data description

This study retrospectively evaluated consecutive patients with acute ischemic stroke who
visited Asan Medical Center (Seoul, South Korea), between January 2013 and February 2016.
The patients were included if their symptom onset time was clearly recorded, and if they
underwent an MRI scan that included both DWI and FLAIR sequences within 24 hours of
symptom detection. The study aimed to target a sample size of 355 patients based on
previous research using deep learning techniques in acute stroke imaging. Out of 1830
patients in the stroke registry, 575 met the criteria for analysis as shown in Figure 1. Among
the 575 patients identified for the study, 43 were excluded for various reasons, such as low-
quality MRI images, acute lesions within areas of extensive leukoaraiosis, non-segmented
lesions, or lesions smaller than 1cc. However, the presence of leukoaraiosis on FLAIR was
not a reason for exclusion. Also, the study excluded 53 patients who had lesions that were
too small to be segmented, as well as 125 patients with lesions smaller than 1 cc (=103 mm?).
This was because image texture features based on statistical measurements cannot be
accurately defined in small regions of interest, and noise can affect the precision of the
measured textures [44]. However, patients with multiple ischemic lesions were included in
the analysis, and the signals from each stroke lesion larger than 1 cc were treated as if they
were signals from a single lesion.

Finally, a total of 355 patients were included for the deep learning analysis. The included
patients were split into training and validation sets at an 8:2 ratio. To ensure that the
distributions of each set were balanced, patients were categorized into eight different time
bins ranging from symptom onset times of 0 to 90 minutes up to 1081 to 1440 minutes.
Within each time bin, 85% of patients were randomly assigned to the training set, and 15%
were assigned to the test set. The study protocol was approved by the institutional review
board of the center, which waived the need for written informed consent due to the

retrospective nature of the study.



Table 1. Distribution of clinical demographics for the datasets: internal and external

validation datasets

Internal dataset External validation 1 | External validation 2
Training set Test set Test set Test set
(n=298) (n=56) (n=104) (n =340)
Age (years) 63 (55-73) 67 (55-71) 71 (61-80) 69 (61-81)
Female 86 (28%) 20 (36%) 49 (47%) 88 (52%)
Onset to MRI
(minutes) 270 (152-715) 240 (142-448) 111 (40-642) 224 (107-781)
Admission 4(2-10) 5(2-12) 9 (5-16) 7 (3-17)
NIHSS
Within 4.5-hour o o o o
window (%) 153 (51%) 24 (43%) 64 (61%) 199 (53%)

Table 1 presents a comprehensive overview of the clinical information for the datasets used
in this study, including the internal training, internal validation, external validation 1, and
external validation 2 datasets. The average age distribution is comparable across all datasets,
indicating a comparable representation of age groups. Among the datasets, external
validation 1 exhibited a higher percentage of females, accounting for 47% of the population,
while the other datasets showed a relatively balanced distribution of females ranging from
24% to 36%. The onset to MRI time was consistent across most datasets, except for external
validation 1, which demonstrated a higher average time of 111 minutes and an interquartile
range spanning from 40 to 642 minutes. In contrast, the other datasets demonstrate average
times in the 200s range. The range of onset to MRI time varied, with internal training and
external validation 2 displaying a broader range from the 100s to 700s, while the internal test
set had a narrower range of 142 to 448 minutes. Notably, the internal training dataset
demonstrated a well-balanced representation of cases within the 4.5-hour treatment window,
accounting for approximately 50% of the cases. Similarly, the other validation datasets also

demonstrate a comparable distribution of cases within this critical treatment window,



highlighting the balanced nature of the datasets utilized in this study.

1.3. Human visual assessment of DWI-FLAIR mismatch

Two stroke neurologists, Eun-Jae Lee and HanBin Lee, independently visually assessed
DWI-FLAIR mismatches for each patient in the test set. Disagreements were resolved
through consensus. The assessment was performed using identical high-resolution screens on
two workstations in our center's picture archiving and communicating system (PetaVision;
Asan Medical Center, Seoul, South Korea). The observers had the flexibility to adjust
window and level settings to optimize contrast for lesion identification. The presence of
acute ischemic lesions on FLAIR images was determined by investigators who had
knowledge of the lesion presence on DWI. A lesion was considered visible on FLAIR
imaging (FLAIR positive) when traceable parenchymal hyperintensity corresponding to the
acute ischemic lesion on DWI was present. A DWI-FLAIR mismatch was defined as the
presence of a visible acute ischemic lesion on DWI but the absence of traceable parenchymal

hyperintensity in the corresponding region on FLAIR imaging (FLAIR negative).

1.4. Infarct segmentation

In the study, we analyzed anonymized FLAIR images and ADC maps derived from DWI
images. The ADC maps were used to automatically segment infarct regions through
normalized absolute thresholding. For each subject's ADC map, a quantile curve of ADC
intensities within the brain mask was created. By identifying the intersection point between
two tangent lines with maximum and minimum differential coefficients on the quantile-
intensity curve, we were able to normalize the ADC maps. This normalization process led to
the convergence of intensities in normal white matter tissues to one. Following normalization,

each ADC map was thresholded at the optimal absolute value of 0.845.



1.5. Two datasets of external validation

To validate the reproducibility and robustness of our model, we used two datasets. The first
external validation set consists of data collected from Asan Medical Center from 2017 to
2021, comprising 104 patients. The second external dataset was the UCLA dataset, which
was published by [29]. This dataset consisted of 346 patients who were treated between 2011
and 2019. The selection of individuals for the cohorts was based on three specific inclusion
criteria. Firstly, they had to have a confirmed diagnosis of AIS. Secondly, they must have
undergone a pretreatment MRI scan that included DWI, FLAIR, and ADC series, which were
obtained without any motion degradation. Lastly, they needed to have a known time of

stroke symptom onset (TSS) within 24 hours of the MRI scan.

Figure 2. Class distributions of clinical defined cut-off time points (3 hours, 4.5 hours, 6

hours) with training and validation dataset
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The distribution of the clinical defined cut-off time points is indicated in Figure 2. These
time points, which are clinically meaningful, were defined as labels based on the training and
validation sets, with the specific values of 3 hours, 4.5 hours, and 6 hours. Since the initial
study design used 4.5 hours as the cutoff for training and test sets, the proportion of symptom

onset within 3 hours and 6 hours is imbalanced.

Figure 3. Distributions of patients in relation to time from symptom onset with training,

internal and external validation sets

Training dataset Intesnal dateset

The number of patients
- = #
The number of patients
3 e 3 - £l
L -
_
.

EE i i e e e o “} o .;» e o - v,‘;& v
Thme bebween symptom onset arad BRI fhoudd Tiese babwosn 5>-mpt0m amet ardt MR {hour)
X datasat 1 dataset 3
L
oo
B

B o
- =

£® 2w
5 k]
2 2
5" 5

S e B
b
Y 2
: :

Y E -
£ 2
- =

®

Ill ““““““ ‘.u.lnn “““““ Iullm.. - B

. RS T I S R o L 3 S
P N ~? .‘ %?*%. u _&* S AT g i g %%«\,;-w " q ,’égéx‘gﬁﬁ?«?@?{y.u
Time between symptom mse( and MR {howr) T between syraplom onset snd MRE (hous}

10



Figure 3 illustrates the distributions of time from symptom onset to MRI in hours across
different datasets: the training dataset, internal validation dataset, external validation dataset
1, and external validation dataset 2. The y-axis represents the number of patients, while the
x-axis represents the time between symptom onset and MRI in hours. The training dataset
exhibits cases in all hour ranges, with the highest number of patients observed in the 1-2- and
2-3 hour ranges, providing comprehensive coverage of patients with varying onset times.
Similarly, the internal validation dataset shows a similar pattern, with a greater number of
cases in the 1-2 hour range and some hour ranges lacking cases. In contrast, the external
validation dataset 1 displays a distinct distribution, concentrating cases primarily in the 0-1
hour range, while the remaining hour ranges have sparser distributions. Finally, the external
validation dataset 2 demonstrates a distribution pattern akin to the training and internal
validation datasets, with the highest number of cases found in the 1-2 hour range.

These findings provide valuable insights into the temporal distribution of patients' time from
symptom onset to MRI across different datasets, contributing to our understanding of the

data used in training the mode and its overall performance.

2. Model Architecture

We propose a model that simultaneously predicts the onset time of stroke and performs
lesion segmentation using MTL for the clinically defined cutoff time points of 3, 4.5, and 6
hours from symptom onset. In the proposed model, a auxiliary classifier is added to the
bottleneck layer of the 3D patch based Swin UNETR. Furthermore, a voting ensemble of

patch-level classifiers is employed for patient-level classification.
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Figure 4. Overview of the proposed multi-task learning network with classification and

segmentation task
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2.1. Data Preprocessing

As a first preprocessing step, FLAIR images were coregistered to the ADC maps using
Statistical Parametric Mapping 12 software (SPM 12; Wellcome Trust Centre for
Neuroimaging, University College of London, United Kingdom) [45]. To remove the skull,
HD-BET was applied to the FLAIR images for brain extraction [46]. Taking into
consideration that the images had different voxel spacing for each patient, all the images

were resampled to a voxel size of Imm x 1mm x 3mm from the original ROIs.

12



2.2. Proposed model

To perform infarct lesion segmentation and AIS onset identification, we utilized the 3D patch
based Swin UNETR. We added an auxiliary classifier to the bottleneck layer of the model,
and the proposed model is illustrated in Figure 1. Swin UNETR has a U-shaped network [47]
design in which the extracted feature representations of the encoder are used in the decoder
via skip connections at each resolution. To perform patient-level classification, a voting
ensemble on the patch level classifiers was performed. A voting ensemble of patch-level
classifiers is performed at the patient level for classification. The auxiliary classifiers count
and vote for onset identification based on the presence of infarction in patches using the

predicted mask.

2.3. Multi-task Loss function

For the classification task, class imbalance is a common challenge in medical image
classification. For example, the number of 3- and 6-hour windows of our dataset is roughly
twice. To account for this, we use a modified weighted focal loss [48] as the classification

loss function:

LGEE [pﬂf’ FEES‘] = _Wi'-‘" [J' - p{i:)r -T:Er {Dg["}:ir) - wﬂp:n's 1- J?:E: )v fﬂg(l - F{E:)' (1)

where pes and yqs are the predicted volume classification probability from the proposed
network and the ground truth class of this volume (yas = 0 for = cut-off time window and
yas = 1 for < onset time window). The focusing parameter y is set as 2. wm and w, are

weights for imbalance classes defined as:

(1 ™
m  N_+N " N_+N,’ @

™ n
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where N, and Ny, are the numbers that indicate whether they are included in the cut-off time

window or not, respectively.

For the segmentation task, a segmentation loss based on the Dice coefficient.

2P, 28 Yss + 1
Lsag [Fsag! Ysag} =1- p g_. }_..g 11’ (3)
zeg | ‘szeg !

where Lseg is the segmentation loss, Pseg and Yseg denote the predicted segmentation map
from the proposed network and the infarct lesion of AIS.
In our method, classification loss and segmentation loss are linear combined as a multi-task

loss by a hyperparameter A. The multi-task loss is defined as:

L

Joint

= AL .+ (1-L,,,. 4)

3. Experiments

3.1. Data augmentation

Data augmentation techniques included random per-channel intensity shifts within the range
of (-0.1, 0.1), and random intensity scaling within the range of (0.9, 1.1) for input image
channels. A random axis mirror flip was applied with a probability of 0.5 for all three axes.
Input images were normalized to have zero mean and unit standard deviation based on non-

zero voxels.
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3.2. Implementation details

Our model is implemented using PyTorch and MONAI and trained with 8 NVIDIA V100
GPUs. An overview of the shifted windowing mechanism was implemented with the same
parameters as described in the Swin UNETR [49]. During training, random patches of size
128 x 128 x 128 were cropped from the 3D image volumes. We chose AdamW [50] as an
optimizer with a learning rate of le-4. Each GPU had a batch size of 1. The models were
trained for 300 epochs with a linear warmup and a cosine annealing learning rate scheduler.
During inference, a sliding window approach was used with a 0.7 overlap between

neighboring voxels.

3.3. Statistical analysis

To compare the performance of stroke onset classification, various metrics of deep learning
methods were analyzed, including sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), and accuracy in predicting the recommended time for
thrombolysis (within 3 hours, 4.5 hours, and 6 hours). And we employed receiver operating
characteristic (ROC) analysis, including determinations of areas under the ROC curves
(AUCs) for the quantitative evaluation of stroke onset classification. Also, to evaluate the
performance of the infarct segmentation results of the model, the dice similarity coefficient
(DSC) and intersection over union (IOU) metrics were used. Furthermore, gradient-weighted
class activation map (Grad-CAM) [51] was employed during training to assess whether the

model paid attention to the infarct lesion.
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4. Results
4.1. Classification results with several models
Table 2. Model performance comparison with several models (3D DenseNet, 3D patched

DenseNet, ours) for classification task

Model Qnset Sensitivity Specificity PPV NPV Accuracy AUC
window

3D DenseNet 0.667 0.478 0.647 0.500 0.589 0.617

3D paiched 3 hours 0.435 0.758 0.556 0.658 0.625 0.638
DenseNet

Ours 0.696 0.576 0.533 0.731 0.625 0.690

3D DenseNet 0.667 0.565 0.688 0.542 0.625 0.632

3D paiched 4.5 hours 0.424 0.913 0.875 0.525 0.625 0.769
DenseNet

Ours 0.879 0.783 0.853 0.818 0.839 0.895

3D DenseNet 0.436 0.882 0.895 0.405 0.571 0.691

3D patched 6 hours 0.667 0.882 0.929 0.536 0.732 0.799
DenseNet

Ours 0.897 0.647 0.854 0.733 0.821 0.848

Table 2 is a comparison table of the performance of several models in terms of classification
results. The performance of our model in predicting the onset time of stroke was evaluated
by comparing it with two other 3D deep learning models, namely 3D DenseNet [52] and 3D
patched DenseNet. The models were trained to predict the onset time of stroke events at 3
hours, 4.5 hours, and 6 hours, respectively. The performance of the models was assessed
using several performance metrics, including AUC, accuracy, sensitivity, specificity, PPV,

and NPV.
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Our model achieved superior performance compared to the other models, with AUC values
of 0.690, 0.895, and 0.848 and corresponding accuracy values of 0.625, 0.839, and 0.821 for
the onset times of 3 hours, 4.5 hours, and 6 hours, respectively. Furthermore, our model
demonstrated the highest sensitivity with values of 0.576, 0.783, and 0.647, respectively.
While the specificity values were relatively lower, our model showed respectable
performance in terms of PPV and outstanding performance in terms of NPV. Overall, our
model exhibited robust and superior performance in predicting the onset time of stroke

events.

4.2. Classification results with external validations
Figure 5. A result of the ROC curve with AUROC score for internal and two external

validations
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The performance of our model in classifying the stroke onset window was comprehensively
evaluated using internal and two external validation datasets. Figure 5 illustrates the ROC
curve for internal validation, external validation 1, and external validation 2. The AUC
values calculated for internal validation, external validation 1, and external validation 2 were
found to be 0.892, 0.803, and 0.709, respectively. Notably, the model exhibited superior
discriminatory performance in internal and external validation 1 compared to external

validation 2.

Table 3. Model performance of classification task within 4.5-hour window for internal and

external validation sets

Model w?rrllszzv Sensitivity ~ Specificity PPV NPV Accuracy AUC
Internal validation 0.879 0.783 0.853 0.818 0.839 0.895
External validation 1 | 4.5 hours 0.750 0.700 0.80 0.636 0.731 0.803
External validation 2 0.744 0.58 0.676 0.658 0.668 0.709

The model also exhibited consistent and respectable accuracy across the different datasets,
with accuracy values of 0.839, 0.731, and 0.668 for internal validation, external validation 1,
and external validation 2, respectively. These results emphasize the reliability and
reproducibility of our model's accuracy in predicting the stroke onset window. Furthermore,
our model achieved a balanced performance in both sensitivity and specificity, important
indicators of diagnostic performance, in both the internal and external validation datasets.
For internal validation, the model achieved a sensitivity value of 0.879 and a specificity
value of 0.783. Similarly, in external validation 1, the sensitivity value was 0.750, and the
specificity value was 0.700. In external validation 2, the model demonstrated a sensitivity

value of 0.744 and a specificity value of 0.58. These findings underscore the robustness of
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our model in predicting and accurately identifying whether the stroke onset time falls within
the 4.5-hour treating window across multiple validation datasets, highlighting its potential

for assisting in timely decision-making in clinical settings.

4.3. Segmentation results with several models

Figure 6 shows the visualization of the results of ground truth infarct lesion and predictions
made by various models based on internal validation. The compared models include DINTS
[53], UNETR [40], nnUNet [35], and our model, all of which have shown relatively good
performance in segmentation tasks. Using these models, the prediction results of randomly
selected case 7 were compared. Overall, it can be observed that both the DiINTS and UNETR
models have made predictions that are excessively different from the ground truth in most of
the images. In particular, in images such as case 2, 4, 5, and 6, it can be observed that
UNETR has poor prediction performance compared to other models. On the other hand,
nnUNet and our model demonstrated superior prediction performance compared to the
ground truth in most of the images.

Figure 6. Model performance with several models (DiNTs, UNETR, nnUNet, ours) with

ground truth for segmentation task
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4.4. Evaluation of segmentation results with internal validation
Table 4. Evaluation of segmentation results with several models (DINTS, UNETR, nnUNET,

ours) for internal validation

DINTS UNETR nnUNet Ours
10U 0.669 0.652 0.656 0.658
DSC 0.684 0.690 0.720 0.722

In Table 4, the evaluation results of segmentation using internal validation are presented.
Since the external validation sets did not have an infarct mask, the metrics for the models
were compared only for internal validation. The evaluation metrics used were IOU and DSC.
The performance of four models (DINTS, UNETR, nnUNET, ours), which have shown good
performance in recent studies, was compared. The IOU results for DINTS, UNETR,
nnUNET, and ours were 0.669, 0.652, 0.656, and 0.658, respectively, with ours
demonstrating the highest performance. Similarly, for DSC, the results were 0.684, 0.690,

0.720, and 0.722, with ours again achieving the best performance.
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4.5. Evaluation of segmentation results with internal validation set
Figure 7. Bland-Altman plot and correlation with segmentation results of internal validation

set
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We employed the Bland-Altman plot, a widely recognized method as a means to assess the
agreement between our proposed model's predicted AIS onset time and the corresponding
ground truth values. The Bland-Altman plot, as shown in Figure 7(a), presents a graphical
representation of the difference between the predicted and ground truth values on the y-axis,
while the x-axis represents the average of the two values. The plot allows us to assess the
presence of any systematic bias or proportional differences between the predicted and ground
truth values. The results demonstrated a general alignment between the predicted and ground
truth values, indicating a favorable level of agreement. The two exceptional cases exhibited
larger differences between the predicted and ground truth values, suggesting the presence of

potential outliers or areas where further investigation may be warranted.

Figure 7(b) showcases a graphical representation of the correlation between the segmentation
results obtained from the internal validation set. In this representation, the y-axis illustrates
the infarct size as predicted by our model, while the x-axis corresponds to the infarct size as
determined by the ground truth. The results demonstrated a strong linear relationship
between the predicted infarct sizes and the corresponding ground truth values. This
alignment of the correlation plot provides additional evidence supporting the reliability and

accuracy of our model.
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4.6. Grad-CAM with internal validation set

Figure 8. Grad-CAM results of prediction with our model and original infarction
mask
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The results for examining the explainability of our model's attention to infarction during
training are described in Figure 7. The images were randomly selected from 8 different cases,
each with infarctions of varying sizes. For each case, the left image represents the result of
Grad-CAM, while the right image shows the original infarction image. The results indicate
that the model focused on infarctions in the images while performing onset time prediction

with Grad-CAM from its encoder.



Figure 9. Grad-CAM results of prediction using our model with a few bad false

positive and false negative cases

Grad-CAM Original infarction Grad-CAM Original infarction

Figure 9 displays the Grad-CAM results of false positive and false negative cases,

Case 1

Case 2

representing instances where our model exhibited suboptimal performance. The training
process utilizes 3D patches with random cropping based on their center, and we hypothesize
that there may have contributed to an imbalance between patches with infarct and those
without infarct. This imbalance could have potentially affected the model’s ability to
generalize and accurately classify instances in which infarct is present. The presence of both
false positives and false negatives highlights the need for further investigation and potential

adjustments in the future.

Discussion

This study demonstrated the usefulness of an automated system developed MTL with deep
learning methods in identifying the tissue age of patients with acute stroke within 4.5 hours
of symptom onset. The AIS onset prediction and infarction segmentation results using DWI

and FLAIR mismatch were evaluated both quantitatively and qualitatively.
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External validation results with classification task

The results were verified not only through internal validation but also across diverse datasets.
Two external validation sets were further utilized for inference in order to evaluate the
robustness and generalizability of our proposed model. The classification result for onset
time of 4.5 hours revealed an AUC of 0.803 in external validation set 1 and 0.709 in external
validation set 2. External validation set 1 presented a respectable performance despite the
differences in demographic characteristics, such as a higher proportion of female patients
and delayed onset to MRI [54]. In contrast, the significant drop in AUC for external
validation set 2 can be attributed to various factors, including differences in demographic
characteristics such as ethnicity and sex, as well as unclear criteria for onset time calculation
[55, 56]. Moreover, the use of different MRI protocols and variability in image quality in

external validation set 2 may have largely affected the performance of our model.

In addition, we need to consider the potential limitations in our study regarding the
prediction of the onset of AIS. Our model has inherent limitations in its architecture. For
instance, the brain in the MR images were isolated using foreground cropping, and the
patches fed into the model were randomly cropped based on a voxel size of 128 x 128 x 128
from the foregrounded MR images. We hypothesize that, since the size of the brain and the
infarct size and location varies for each patient, images without infarction may have been
included in the training process. Given that the classification task of onset prediction is based

on infarction, this can potentially lead to false negatives (FN) and false positives (FP).
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Internal validation results with segmentation task

Since there was no external validation available for validating the segmentation predictions,
we examined the results using the internal validation set. Among several models, the DINTS
and UNETR models exhibited the least favorable performance, as they tended to over-
segment the lesions compared to the actual infarct. On the other hand, the nnUNet and our
proposed model demonstrated satisfactory performance, accurately predicting segmentations
for infarcts of various sizes. We also validated the performance of these four models using
metrics such as IOU (Intersection over Union) and Dice score. The metrics results aligned
with the visualization of the segmentation outcomes, generally indicating that nnUNet and

our proposed model performed well.

Additionally, for the Bland-Altman plot evaluating the agreement between the segmentation
results and the ground truth values, most of the results showed general agreement, excluding
rare cases where there were significant differences between the actual values and the
predicted values. It was observed that the cases with large differences corresponded to

situations where the actual infarct size was exceptionally large.

Grad-CAM results with our model

To further validate the interpretability of our model, we visualized the activation map of the
last layer of the encoder. The visualization demonstrated that our model predicts infarction
with attention on significant features in almost all images, providing further evidence of its

high accuracy.

Despite the excellent performance of our proposed model, it still has its limitations. First,

only acute ischemic stroke was considered as inclusion criteria, and further studies are

required to evaluate different types of strokes. Second, the external validation datasets only
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contained onset labels, and no infarction masks were available for segmentation evaluation,
and consequently, further studies with the use of datasets with segmentation masks are
required to evaluate our model’s segmentation accuracy. Finally, external validation set 2
was a blind dataset, and the analysis of the exact cause of the drop in AUC was difficult to

determine.

Conclusion

In conclusion, our proposed model utilizes multi-task learning to perform infarction
segmentation and classification of onset time. Our model demonstrated its robustness and
enhanced performance through internal and external datasets. While limitations and the need
for further study must be acknowledged, we anticipate that our model will have a positive
impact in clinical setting in the near future. To facilitate the translation of our model into
real-world clinical practice, further research should address its limitations and extend its

application to a broader range of stroke types and patient populations.
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