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technical considerations of 
multi-parametric tissue outcome 
prediction methods in acute 
ischemic stroke patients
Anthony J. Winder1, Susanne Siemonsen2, fabian flottmann  2, Götz thomalla3, 
Jens fiehler2 & nils D. forkert  1,4,5,6

Decisions regarding acute stroke treatment rely heavily on imaging, but interpretation can be difficult 
for physicians. Machine learning methods can assist clinicians by providing tissue outcome predictions 
for different treatment approaches based on acute multi-parametric imaging. To produce such 
clinically viable machine learning models, factors such as classifier choice, data normalization, and 
data balancing must be considered. this study gives comprehensive consideration to these factors by 
comparing the agreement of voxel-based tissue outcome predictions using acute imaging and clinical 
parameters with manual lesion segmentations derived from follow-up imaging. this study considers 
random decision forest, generalized linear model, and k-nearest-neighbor machine learning classifiers 
in conjunction with three data normalization approaches (non-normalized, relative to contralateral 
hemisphere, and relative to contralateral Voi), and two data balancing strategies (full dataset and 
stratified subsampling). These classifier settings were evaluated based on 90 MRI datasets from acute 
ischemic stroke patients. Distinction was made between patients recanalized using intraarterial and 
intravenous methods, as well as those without successful recanalization. for primary quantitative 
comparison, the Dice metric was computed for each voxel-based tissue outcome prediction and 
its corresponding follow-up lesion segmentation. It was found that the random forest classifier 
outperformed the generalized linear model and the k-nearest-neighbor classifier, that normalization 
did not improve the Dice score of the lesion outcome predictions, and that the models generated lesion 
outcome predictions with higher Dice scores when trained with balanced datasets. No significant 
difference was found between the treatment groups (intraarterial vs intravenous) regarding the Dice 
score of the tissue outcome predictions.

Due to the overwhelming success of stent retrieval devices in recent randomized controlled trials1–5, which was 
further confirmed in a pooled meta-analysis6, guidelines for the treatment of stroke patients with proximal arte-
rial occlusions now recommend administration of intraarterial (IA) mechanical thrombectomy in conjunction 
with standard intravenous (IV) recombinant tissue plasminogen activator (rtPA)7,8. Careful patient selection is 
essential for maximizing the therapeutic benefit of thrombectomy while minimizing treatment cost. For example, 
the estimated thrombectomy cost, including additional time and specialized resources required, is estimated 
approximately four times that of IV rtPA alone9. The question if thrombectomy is associated with an increased 
risk of intra-procedural and post-operative complications10 is an area of active research. Although thrombectomy 
is generally reported to be safe6,11, an increased risk of intracerebral hemorrhage has been reported specifically 
for patients with large (ASPECTS <6) infarcts11,12. Therefore, the current viability of thrombectomy is largely 
dependent upon the use of patient selection criteria to identify patients who will see long-term benefit.
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Current patient selection criteria are primarily based on inclusion criteria used in recent randomized con-
trolled trials7,8. However, these criteria, which include a symptom-onset-to-groin-puncture time of less than 
6 hours, are likely to be refined with future studies. One meta-analysis of these trials, for example, suggests 
that thrombectomy improves patient outcomes even up to a maximum of 7.3 hours from symptom onset13. 
Furthermore, the potential for improved patient selection based on acute CTP or MRI imaging has been demon-
strated recently14,15. In particular, the DAWN and DEFUSE-3 trials found that, for patients with large ischemic 
penumbra on perfusion imaging, thrombectomy can be effective for up to 24 hours after symptom onset in some 
cases16–18. This suggests that image-based patient selection may allow physicians to better identify thrombectomy 
candidates, resulting in more treatable patients and a greater average benefit of thrombectomy.

However, visual assessment for image-based patient selection can be very challenging, while single perfu-
sion parameter thresholding, as often conducted in the clinical setting, is not sufficient to take into account 
the dynamic lesion growth as well as different treatment options available. Therefore, an increasing number of 
multi-parametric models for final tissue outcome prediction have been proposed latetly19–26. The basic idea of 
these methods is to train high-level machine learning models based on multi-modal imaging from acute ischemic 
stroke patients and known follow-up outcome (i.e. the segmented lesion) and to use these trained machine learn-
ing models to predict voxel-wise tissue fate in new patients. In some cases, not only imaging information is used 
for this but also additional clinical features such as patient age and sex, time from symptom onset to treatment, 
and time from imaging to recanalization. By comparing predictions across multiple treatments (i.e. classifiers 
trained with data from patients treated with different treatment options), clinicians could theoretically make 
informed decisions regarding patient selection for thrombectomy by comparing expected tissue outcomes.

Although previous research in this domain focusses mostly on IV rtPA and rather recently also on thrombec-
tomy as potential treatment options, clinical trials are currently investigating the benefit of additional therapeu-
tic approaches, for example administration of NA-1 as a neuroprotective agent or hypothermia27,28. Therefore, 
treatment-specific modelling of ischemic lesion evolution for the prediction of voxel-wise tissue fate based on 
acute imaging is likely to become increasingly relevant to both research and clinical practice in the upcoming 
years as new treatment options are adopted.

This tissue outcome prediction problem was the subject of the ISLES 2017 challenge (http://www.
isles-challenge.org/ISLES2017/), in which the top-performing models, convolutional and residual neural net-
works, employed deep learning techniques. While these novel machine learning techniques constitute a potential 
improvement over traditional classifiers, there is not yet consensus regarding the optimal classifier and training 
setup for a true comparison of novel deep learning methods with conventional machine learning techniques29,30. 
Within this context, the classification algorithm18, normalization of imaging features23,24, as well as the sampling 
strategy used for training sample extraction may have considerable influence on the prediction accuracy of tra-
ditional machine learning models but also partly on deep learning methods. Thus, these parameters need to be 
optimized for a true and fair comparison of novel deep learning approaches as well as new conventional machine 
learning techniques.

The aim of this study was, therefore, to compare different traditional machine learning methods, as well 
as different normalization and sampling techniques, regarding the ability to predict tissue outcome in acute 
stroke patients. Furthermore, a thresholding-based approach was evaluated to investigate the added benefit of 
multi-parametric tissue prediction over single-parameter thresholding.

Materials and Methods
patient data. All data used in this work were acquired at the University Medical Center Hamburg-
Eppendorf, Germany, between March 2003 and March 2014. All study protocols and procedures were conducted 
in accordance to the ethical guidelines (Ethics committee of the Hamburg Chamber of Physicians, Hamburg, 
Germany) and in compliance with the Declaration of Helsinki. As this was a retrospective review, the requirement 
of informed consent was waived. Anonymized data of 100 stroke patients with acute ischemic stroke was retro-
spectively collected. Inclusion criteria were as follows: (1) occlusion of either distal intracranial carotid artery or 
M1 segment of medial cerebral artery; (2) treatment consisting of exclusively intravenous thrombolysis therapy 
or in combination with intra-arterial treatment; (3) initial multi-parametric magnetic resonance imaging (MRI) 
including diffusion-weighted (DWI) and perfusion-weighted MRI (PWI) sequences acquired within 300 min-
utes of witnessed stroke symptom onset; (4) availability of follow-up MRI or computer tomographic imaging 
acquired 5–7 days after stroke onset; (5) absence of a preexisting proximal stenosis of the intracranial carotid 
artery assessed by ultrasonography, MRA, or angiographic imaging; (6) absence of an expansive and/or sympto-
matic intracranial hemorrhage.

image acquisition. For acute imaging, PWI and DWI datasets were acquired using a 1.5T Sonata 
or Avanto Scanner (Siemens, Erlangen, Germany). The PWI acquisition was performed after injection of 
approximately 15 ml contrast agent using a repetition time (TR) of 1500 ms, echo time (TE) of 45 ms, and flip 
angle of 90°. The parameters of the DWI acquisition were a TR = 3400 ms, TE = 100 ms, flip angle = 90°, and 
at least two diffusion-weightings (b-value = 0 and either 1000 or 1200 s/mm²). The DWI dataset with strong 
diffusion-weighting was acquired by applying diffusion gradients in three directions, which were averaged to 
one single strong diffusion-weighted DWI dataset. For follow-up imaging at approximately one week after stroke 
onset, either DWI, fluid-attenuated inversion recovery (FLAIR) MRI, or non-contrast CT (NCCT) imaging was 
performed.

For each patient, the NIHSS score and age at admission, sex, and time from symptom onset to imaging were 
also known, as well as a binarized measure of the thrombolysis in cerebral infarction (TICI) scale defining a 
score of >=2b as successful recanalization, or unsuccessful recanalization otherwise. Recanalization status was 
used to stratify the IA- and IV-treated patients (n = 50 each) into three cohorts for analysis: patients successfully 
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recanalized using IA (IAR, n = 38), those successfully recanalized using IV rtPA (IVR, n = 23), and the remaining 
non-recanalizing (NR) patients (n = 39). In patients where post-treatment digital subtraction angiography was 
not available, recanalization was assessed using follow-up magnetic resonance angiography or computed tomog-
raphy angiography.

preprocessing. To generate the feature datasets required for training of the tissue outcome prediction mod-
els (Fig. 1), it was necessary to extract individual features from the patient imaging data on a voxel-by-voxel level. 
The software tool AnToNIa was used in this work for all preprocessing steps31.

Briefly described, a quantitative apparent diffusion coefficient (ADC) map was calculated for each patient 
using the DWI datasets acquired with and without diffusion weighting. The generated ADC parameter maps 
were used for multiple segmentation tasks. First, the brain tissue and cerebrospinal fluid (CSF) were automati-
cally segmented using automatic thresholding-based techniques. Only voxels belonging to brain tissue excluding 
CSF were included in the subsequent analyses. Next, the hemispheric fissure was manually identified to divide 
the ipsi- and contralateral hemisphere. Lastly, the ischemic core was semi-automatically segmented in the ADC 
parameter map using a volume-growing approach with manually defined seed points and an upper ADC thresh-
old of 550 × 10−6 mm²/s. Manual correction in the orthogonal slices was applied in case of leakage of the region 
growing segmentation beyond the ischemic core. The acute diffusion lesion segmentation was then used to gen-
erate a distance map containing the shortest Euclidean distance of each voxel to the ischemic core32. This distance 
feature was included because voxels close to the acute diffusion lesion have an inherently greater risk to develop 
infarction compared to voxels that are very distant. Thus, the distance feature allows modelling the infarct risk 
depending on the distance to the acute ischemic core. However, several studies have reported partial reversal of 
the diffusion restriction after acute stroke reperfusion treatment so that not all voxels within the diffusion lesion 
can be automatically considered part of the final lesion.

In the second step, the final infarction was manually segmented in each follow-up dataset by an experienced 
medical expert and registered to the ADC sequence employing a rigid transformation and optimization of the 
mutual information similarity metric33,34. The resulting rigid transformation was then used to align the binary 
follow-up stroke segmentation to the ADC dataset applying a nearest-neighbor interpolation.

In the third step, the MNI brain atlas was registered to the patient’s ADC dataset employing an affine trans-
formation and optimization of the mutual information similarity metric. After this, the probabilistic tissue type 
(white matter vs. grey matter) map defined in the MNI brain atlas as well as the MNI brain atlas regions were 
transformed to the ADC dataset using linear (tissue type probabilities) or nearest-neighbour interpolation (MNI 
brain regions). The nine MNI brain regions include the occipital, frontal, parietal, and temporal lobe as well as 
the cerebellum, but also important subcortical structures such as the caudate, insula, putamen, and thalamus. 
The idea of using these atlas regions was to include information about the localization of each voxel, as previous 
studies have shown that different anatomical and functional brain regions might exhibit differences regarding 
the vulnerability to hypoperfusion35. The probabilistic tissue type information was mainly expected to improve 
the predictive models since white and grey matter are known to exhibit significantly different perfusion values.

In the fourth step, perfusion parameter maps of cerebral blood volume (CBV), cerebral blood flow (CBF), 
mean transit time (MTT), and time to maximum of the residual curve (Tmax) were generated from the PWI 
dataset. Therefore, PWI datasets were preprocessed using an in-slice motion correction technique, slice-time 
correction, temporal interpolation to 1 second using a b-spline approximation, and correction to absolute con-
trast concentration values using the formulas described by Kjolby et al.36. Next, deconvolution-based perfusion 

Figure 1. Maps of voxel features extracted in the preprocessing step. Panel (A) shows a selected ADC slice, with 
(B) superimposing the automatic segmentation of infarct core (red) and CSF (cyan). Also shown are: (C) CBF 
visualized from 0 to 80 mL/min/100 g; (D) CBV visualized from 0 to 10 mL/100 g; (E) MTT visualized from 0 
to 16 seconds; (F) Tmax visualized from 0 to 12 seconds; (G) distance from infarct core visualized from 0 to 95 
voxels; (H) the registered MNI white-matter atlas; (I) the discrete MNI brain atlas regions; and (J) follow-up 
imaging with the segmented real tissue outcome superimposed in (K).
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analysis was performed using automatic atlas-based selected arterial input function definition and block-circulant 
singular value decomposition with a truncation threshold of 15%. After deconvolution, perfusion parameter 
maps were registered to the ADC dataset using a rigid transformation and optimization of the mutual informa-
tion similarity metric calculated between the DWI dataset acquired without diffusion-weighting as the reference, 
and an average PWI dataset calculated from the first three time points of the raw PWI scan.

In addition to these voxel-level variables, four patient-level variables were added to each voxel-specific feature 
set through simple repetition. These were NIHSS score at admission, age at admission, sex, and time from symp-
tom onset to imaging. As a result, each voxel was associated with a total of 12 features (Fig. 1): ADC, distance to 
ischemic core, tissue type, anatomical location, CBV, MTT, Tmax, CBF, NIHSS, age, sex, and time from symptom 
onset, whereas the real tissue outcome was used as the outcome variable for training and testing.

Classification Methods. The desired application of machine learning models to the tissue outcome pre-
diction problem is to predict the relative infarct risk for each voxel of an MRI volume assuming a specific stroke 
intervention based on the acute imaging and clinical features. Due to the large training sets resulting from the 
voxel-by-voxel analysis, the choice of machine learning methods is practically limited to computationally efficient 
algorithms, which excludes many sophisticated techniques. In this study, we compared three computationally 
efficient classifiers that have been used in the past for multi-parametric tissue outcome prediction21,22,37. Namely, 
the k-nearest-neighbor (kNN) algorithm, generalized linear model (GLM), and random decision forest (RDF) 
classifier were used. More detailed descriptions about these classifiers are given in the Supplementary Material.

Variations of voxel-based features for tissue outcome prediction. Previous research suggests that 
perfusion parameters offer increased predictive power when normalized using their respective values within the 
contralateral hemisphere21,23,24. In this case, normalization may help to overcome age-dependencies and tech-
nical variations, for example, caused by the arterial input function dependence of the perfusion parameters38,39. 
Likewise, age-related variations in ADC have been described40 and may be accounted for through normalization 
of the ADC values. To investigate these assumptions in detail, instances of the three classification methods used 
in this work were not only trained and evaluated using absolute values of ADC and perfusion parameters but also 
using the corresponding values after normalization.

Two different normalization strategies were used for this purpose. In the first case, average values of ADC, 
CBV, CBF, MTT, and Tmax were estimated using the complete contralateral hemisphere excluding CSF voxels. In 
the second case, a reference volume-of-interest that roughly matches the acute diffusion lesion in the contralateral 
hemisphere was manually defined and used for average calculation. In both cases, ipsilateral ADC, CBF, and CBV 
values were normalized by calculating the ratio, while the temporal parameters MTT and Tmax were normalized 
by subtraction of the contralateral average values.

The final infarction typically only occupies a small fraction of the total ipsilateral brain volume. Thus, the 
corresponding training sets are highly unbalanced if the whole ipsilateral hemisphere or even the complete brain 
tissue is used for training set definition, with non-infarct voxels greatly outnumbering infarct voxels. It should be 
highlighted that it is usually suitable to focus on the ipsilateral hemisphere for this purpose as bi-lateral strokes are 
rather uncommon and non-infarct voxels significantly outnumber infarct voxels, even in most large strokes. This 
class imbalance can potentially bias classifiers towards under-prediction of final infarction. To evaluate a potential 
benefit of balanced training sets, additional training sets were generated using stratified random sampling to limit 
the quantity of voxels from the ipsilateral brain parenchyma (not including the follow-up lesion) to match that 
of the follow-up lesion for each patient. Both subsampled and full-voxel training sets were generated for each of 
the three normalization methods examined (non-normalized, relative to contralateral hemisphere, and relative to 
contralateral VOI), resulting in a total of six training sets used for training and evaluation of the three classifiers.

optimization and evaluation of the lesion outcome prediction models. To enable comparisons of 
the three classifiers, three normalization methods, and two balancing methods examined, 3 × 3 × 2 = 18 tissue 
outcome predictions were calculated for each patient, whereas separate models were generated and evaluated 
for each cohort: IAR, IVR, and NR. The advantage of training three models compared to training a single model 
using the cohort information as a patient-level variable, is that separate models trained on non-overlapping data-
sets are guaranteed to produce independent predictions. In contrast, a single machine learning model using the 
cohort information as a feature could result in lesion predictions that might heavily depend on training informa-
tion from patients from different cohorts as this logical dependency might be missed by the machine learning 
model during training, which could introduce a significant bias.

For evaluation and comparison of the different machine learning models, a leave-one-patient-out 
cross-validation approach was used. Using this scheme, the lesion outcome was predicted for each patient using 
all 18 classifier-normalization-balancing combinations, resulting in a total of 1620 tissue predictions.

In all cases, the resulting tissue outcome predictions assigned a single value in the continuous range [0,1] 
to each voxel in the original dataset. These values represent the likelihood of the corresponding voxel to 
develop infarction at time of follow-up imaging, with 1 indicating the highest relative risk and 0 the lowest. 
Likelihood values, being a relative measure, have a distribution dependency based on the exact parameters cho-
sen for classifier training. As a result, these values are only directly comparable for predictions within a single 
classifier-normalization-balancing group. To make theoretically sound comparisons between groups, it is neces-
sary to produce an absolute measure of tissue outcome from relative likelihood values. The final threshold for each 
classifier setting (classifier, normalization, and subsampling) and cross validation iteration was chosen to be the 
threshold that produced the highest average Dice score when applied to all other patients (out-of-sample-sample) 
in a leave-one-out fashion. More precisely, all prediction maps for one classifier setup except the dataset used 
for prediction evaluation were thresholded at intervals of 0.01 over the whole range [0,1]. After thresholding, 
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each binary prediction map was post-processed to reduce the number of misclassifications resulting from noise 
by applying morphological closing using a 3 × 3 × 3 voxel kernel and connected-component analysis to exclude 
components with less than ten voxels, which was empirically selected.

To correct for changes in CSF distribution due to swelling, CSF segmented in the acute ADC was excluded 
from the follow-up lesion. Then, for each threshold and classifier setup (Fig. 2), the Dice score (D) was calculated 
by comparing the binarized and post-processed predicted lesion (A) with the true follow-up lesion (B):

∩=
⋅

+
D A B

A B
A B

( , )
2

The threshold corresponding to the highest average Dice value for all training cases was then used to binarize 
the prediction map for the test case. Thus, the actual threshold used for binarization for each patient case within 
one classifier setup can vary between the datasets due to this leave-one-out approach. After thresholding, the 
same post-processing (morphological filtering and connected component analysis) was applied to the patient to 
be predicted prior to Dice calculation for evaluation.

The Dice similarity metric was the primary outcome variable as this approach finally allows calculating and 
visualizing detailed lesion volumes and is one of the main metrics in similar image segmentation challenges37. To 
corroborate our findings with those from other studies, secondary outcome variables including the sensitivity, 
specificity, Matthews correlation coefficient, mean surface distance, Hausdorff distance, and volume difference 
were also calculated and are reported as secondary similarity metrics.

evaluation of single-parameter thresholding-based prediction models. To evaluate the benefit of 
multi-parametric over single-parameter tissue outcome prediction, absolute as well as normalized perfusion and 
diffusion parameter maps of ADC, CBF, CBV, MTT, and Tmax were thresholded and compared to the ground 
truth using the Dice metric and the same post-processing procedure described above (optimal thresholding, 
morphological closing, and connected-component analysis).

Statistical analysis. The frequency of successful recanalization following IA versus IV treatment was com-
pared using Pearson’s Chi-squared. The same test was used to compare the sex distribution within the IAR, IVR, 
and NR cohorts. Additionally, the three cohorts were compared regarding the acute stroke lesion volume, penum-
bral tissue volume, follow-up lesion volume, age, and symptom-onset-to-imaging time using one-way ANOVAs. 
NIHSS at admission was compared between cohorts using the Kruskal-Wallis H test.

The Dice scores of the multi-parametric tissue outcome predictions were compared using a mixed factorial 
ANOVA with a between-subjects factor of recanalization cohort (IAR, IVR, NR), and within-subject factors 
of classifier (kNN, GLM, RDF), normalization (absolute, contralateral, VOI), and subsampling (none, random 
stratified undersampling). Similarly, the Dice scores of the thresholded single-parameter maps were compared 
using a mixed factorial ANOVA with a between-subjects factor of recanalization group (IAR, IVR, NR) and 
within-subjects factors of normalization (absolute, contralateral, VOI) and imaging parameter (ADC, CBF, CBV, 
MTT, and Tmax). Both ANOVAs were preceded by Mauchley’s test of sphericity and were subsequently corrected 
using the Greenhouse-Geisser method in all cases where sphericity could not be assumed. The results of all sig-
nificant omnibus tests were further characterized using post-hoc Bonferroni-corrected pair-wise comparisons. 
Finally, bivariate correlation analysis was performed between the acute lesion volume and the output of the lead-
ing model configuration. All statistical tests used an alpha of 0.05 and were computed using IBM SPSS Statistics 
(Version 24.0, IBM, Armonk, NY).

Results
patient characteristics. In total, 100 clinical datasets of acute ischemic stroke patients – 38 recanalized with 
intraarterial mechanical thrombectomy (IAR), 23 recanalized with intravenous rtPA (IVR), and 39 non-recan-
alizing (NR) – were available for this study. Five IAR datasets and five NR datasets had to be excluded from final 
analysis due to severe motion or imaging artifacts. The patient and imaging characteristics for the three groups 

Figure 2. Selected slice from the ADC parameter map of a patient treated using IV rtPA with overlay showing 
the ground-truth lesion segmentation (A) and the thresholded tissue outcome predictions of: the random 
decision forest classifier (B), the generalized linear model (C), and the k-nearest-neighbor classifier (D). 
Training sets used by the classifiers in generating these predictions incorporated voxel subsampling and 
normalization relative to the contralateral hemisphere.
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are given in Table 1. The acute stroke lesion volume, penumbral tissue volume, follow-up lesion volume, age, sex 
distribution, and NIHSS scores at admission did not significantly differ between the patient groups. However, 
the symptom-onset-to-imaging time was significantly different between the patient groups, F(2,87) = 3.827, 
p = 0.026, with NR patients having a significantly longer onset-to-imaging time (mean M = 171.76, standard 
error SE = 22.08 minutes) than IVR patients (M = 97.83, SE = 12.28 minutes), p = 0.032. Successful recanalization 
(TICI>=2b) rates were significantly higher for patients treated with IA (79%) than patients treated with IV alone 
(48%), p = 0.003.

Multi-parametric tissue outcome prediction. Table 2 shows the results of the evaluation of all machine 
learning models using the primary outcome Dice similarity metric. The first significant main effect indicated 
was that of classifier choice, F(1.854,161.281) = 20.032, p < 0.001. Post-hoc analysis indicated that the random 
forest classifier (mean Dice M = 0.447, standard error SE = 0.026) outperformed the generalized linear model 
(M = 0.396, SE = 0.023), p = 0.001, and the k-nearest-neighbor model (M = 0.361, SE = 0.022), p < 0.001. The 
generalized linear model also achieved significantly higher Dice scores compared to the k-nearest-neighbor 
model (p = 0.013).

A significant interaction was found between the classifier model and normalization method, F(1.779, 
154.759) = 4.411, p = 0.017, which introduced a single exception to the previous results: only when the training 
data was not normalized, the k-nearest-neighbor model generated lesion outcome predictions with similar Dice 
values compared to the generalized linear model. Although neither normalization nor recanalization group (IAR/
IVR/NR) had a significant main effect, there was a significant interaction between them, F(3.409,148.295) = 3.216, 
p = 0.02. Post-hoc analysis indicated that normalization to the contralateral hemisphere led to higher Dice scores 
compared to normalization to a contralateral VOI only in non-recanalizing patients, p < 0.001, while the choice 
of normalization method did not lead to significantly different Dice values otherwise.

With regard to the balancing method, training sets assembled using stratified random undersampling 
(M = 0.411, SE = 0.023) led to lesion outcome predictions with significantly higher Dice scores than training sets 
incorporating all ipsilateral voxels (M = 0.391, SE = 0.022), F(1,87) = 5.894, p = 0.017.

In summary, the conditions that produced the highest average Dice score incorporated the random forest clas-
sifier and stratified random undersampling, while the normalization scheme was statistically irrelevant for this 
classification model. The overall mean Dice score for patients analysed in this way was 0.464 (SD = 0.240) for all 
patients (IAR, IVR, and NR pooled). For the same group of patients, the mean accuracy was 0.994 (SD = 0.006), 
the mean sensitivity was 0.544 (SD = 0.279), the average specificity was 0.997 (SD = 0.003), the mean Matthews 
correlation coefficient (MCC) was 0.508 (SD = 0.229), the average mean surface distance (MSD) was 4.15 mm 
(SD = 4.39), and the mean Hausdorff distance (HD) was 19.28 mm (SD = 12.71). Bivariate correlation analysis 

ADC Lesion 
Volume (mL)

Tissue-At-Risk 
Volume (mL)

Follow-up Lesion 
Volume (mL) Age (years)

Percent 
Female Initial NIHSS

Onset to Imaging 
(minutes)

IAR 19.65 (5.08) 17.58 (5.32) 50.85 (14.11) 70 (1.76) 52 15.85 (0.91) 162.61 (17.71)

IVR 7.50 (2.09) 27.9 (6.11) 32.22 (6.71) 74 (2.74) 78 14.30 (1.31) 97.83 (12.28)

NR 14.28 (3.33) 21.71 (4.72) 68.73 (12.1) 75 (2.19) 96 15.85 (0.89) 171.76 (22.08)

significance p = 0.131 p = 0.430 p = 0.138 p = 0.086 p = 0.255 p = 0.524 p = 0.026

Table 1. Stratified mean values (and standard deviations) of patient and imaging characteristics for IAR 
(n = 33), IVR (n = 23) and NR (n = 34) patients. p values were generated using the following tests: for sex 
frequency (Percent Female), Pearson’s Chi-squared; for initial NIHSS, Kruskal-Wallis H test; for ADC lesion 
volume, tissue-at-risk volume, follow-up lesion volume, age, and symptom-onset-to-imaging time, one-way 
ANOVA.

Cohort Model

All voxels Stratified Random Sampling

Absolute Contralateral VOI Absolute Contralateral VOI

IAR

RF 0.399 (0.267) 0.382 (0.267) 0.376 (0.271) 0.445 (0.231) 0.450 (0.233) 0.456 (0.231)

GLM 0.320 (0.244) 0.305 (0.243) 0.319 (0.241) 0.350 (0.198) 0.346 (0.193) 0.360 (0.204)

KNN 0.318 (0.234) 0.304 (0.226) 0.299 (0.219) 0.362 (0.221) 0.317 (0.190) 0.326 (0.194)

IVR

RF 0.420 (0.249) 0.430 (0.245) 0.428 (0.237) 0.455 (0.256) 0.453 (0.254) 0.463 (0.255)

GLM 0.405 (0.236) 0.426 (0.239) 0.430 (0.241) 0.407 (0.241) 0.419 (0.243) 0.415 (0.240)

KNN 0.399 (0.231) 0.343 (0.247) 0.343 (0.247) 0.397 (0.238) 0.364 (0.227) 0.378 (0.229)

NR

RF 0.469 (0.236) 0.491 (0.235) 0.480 (0.239) 0.481 (0.243) 0.495 (0.244) 0.473 (0.251)

GLM 0.432 (0.213) 0.472 (0.208) 0.432 (0.213) 0.418 (0.241) 0.446 (0.235) 0.423 (0.227)

KNN 0.367 (0.267) 0.390 (0.222) 0.372 (0.223) 0.430 (0.226) 0.402 (0.228) 0.379 (0.225)

Table 2. Mean Dice scores and (standard deviations) for the comparisons of ground-truths in IAR (n = 33), 
IVR (n = 23), and NR (n = 34) patients with tissue outcome predictions. IAR = Patients recanalized using IA 
thrombectomy, IVR = Patients recanalized using IV tPA, NR = Non-recanalizing patients, RF = random forest, 
GLM = generalized linear model, kNN = K-nearest-neighbor. The highest Dice values achieved for each cohort 
are shown in bold.
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of the results for this combination of conditions indicated that the acute lesion volume and Dice score were posi-
tively correlated with a Spearman’s rho of 0.496 (p < 0.001).

These quantitative results of this classifier setting were consistent when the leave-one-out evaluation was con-
ducted again with random stratified sampling to select different voxels for training set generation. Comparing 
the quantitative results using three different training sets generated by random stratified sampling provided rela-
tive differences from the mean of: Dice: 0.37%, accuracy: <0.01%, sensitivity: 0.41%, specificity: <0.01%, MCC: 
0.25%, MSD: 1.23%, HD: 0.58%.

Single parameter tissue outcome predictions. Figure 3 shows the mean Dice scores resulting from 
comparisons of the thresholded maps of individual imaging parameters (ADC, CBF, CBV, MTT, Tmax) to the 
ground truth. Both, the recanalization method and normalization method, were found to have significant inter-
actions with imaging parameter, which itself had a significant main effect, F(4,348) = 4.32,p = 0.002.

Post-hoc analysis established a general ranking of individual imaging parameters with respect to the Dice 
scores. The best predictor of final infarction was ADC (M = 0.286, SE = 0.023). The other imaging parameters, 
in order of decreasing mean Dice score, were MTT (M = 0.220, SE = 0.019), Tmax (M = 0.192, SE = 0.019), CBF 
(M = 0.084, SE = 0.010), and CBV (M = 0.067, SE = 0.009). The marginal mean Dice score of each imaging param-
eter was significantly different from that of every other parameter with p < 0.001, except for MTT, which was only 
significantly different from ADC with p = 0.023 and from Tmax with p = 0.030. Analysis of the interaction terms 
relating the choice of imaging parameter to recanalization and normalization method identified some exceptions 
to the general ranking. When only IAR or non-normalized analyses were considered, no significant difference was 
found between MTT and Tmax, and no significant difference was found between CBF and CBV. Even in these 
cases, MTT and Tmax were still found to be superior to CBF and CBV for predicting the follow-up lesion.

The recanalization method was found to interact significantly with the choice of imaging parameter, 
F(4.125,18.130) = 2.830, p = 0.025. Post-hoc analysis suggested that the mean Dice score among NR patients was 
significantly higher than in IAR patients, but only for thresholding of the perfusion parameters MTT and Tmax, 
p = 0.005. A significant interaction was also found between the normalization method and choice of imaging 
parameter, F(3.301,11.719) = 6.786, p < 0.001. Mean Dice values from thresholded maps of absolute ADC and CBF 
were improved by using either of the normalization methods, which did not differ significantly from each other. 
MTT also benefitted from normalization, but only if normalized using the complete contralateral hemisphere. In 
contrast, absolute CBV values were more accurate than those normalized to a contralateral VOI (Table 3).

Discussion
Classifier. The main result with respect to the classifier choice was that the random forest classifier outper-
formed the generalized linear model, which in turn outperformed the k-nearest neighbor model (Fig. 2 shows a 
selected single slice comparing the tissue outcome predictions of the three models). These results are generally 
concordant with the published results of the 2015 ISLES acute stroke penumbra estimation (SPES) challenge, 
which ranked variations of the random forest approach as the three best classifiers, followed by a modelling 
approach in fourth place, and a rule-based approach in fifth37. Although the results of the current study agree well 
with the ISLES SPES results, it should be noted that this ISLES benchmark study only evaluated machine learning 
classifiers for segmenting the penumbra based on multi-parametric MRI datasets, while no prediction of final 
infarction based on acute imaging was performed, which limits the comparison of the results.

Figure 3. Box plots showing the distribution of Dice scores obtained from thresholded single-parameter 
maps of IA-recanalized (n = 33), IV-recanalized (n = 23), and non-recanalized (n = 34) patients for each 
normalization and treatment method. Whiskers extend 1.5 times the IQR from the 1st and 3rd quartile. 
(RC = relative to the contralateral hemisphere, RVO = relative to the VOI, ABS = absolute set of values without 
normalization). Unfilled dots represent outlier cases with a Dice score at least 1.5 times the interquartile range 
greater than the third quartile.
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More recently, variations of the random forest model have been developed specifically for tissue outcome 
prediction in acute ischemic stroke patients. The FASTER and Boosted Tree models have both outperformed 
generalized linear models25,26. The relative performance of different random forest variants, however, cannot be 
compared from the existing literature due to different datasets used as well as slightly different validation tech-
niques. Regardless, these observations suggest that ensemble learning models are better suited for tissue out-
come prediction than linear regression models. Furthermore, classifier comparisons performed by Gottrup et 
al. suggest that the kNN algorithm performs best among common instance-based methods for tissue outcome 
prediction21. The finding that the kNN algorithm was outperformed in the current study by both the RDF and 
GLM suggests that ensemble learning methods are generally better suited for the tissue prediction problem than 
instance-based methods.

Recently, novel deep convolutional neural network approaches are used more and more frequently for var-
ious image segmentation tasks, often yielding superior results compared to traditional image processing and 
machine learning techniques. These methods have also been applied for prediction of tissue outcome in acute 
ischemic stroke patients41,42. However, these studies almost exclusively use generalized linear models as a com-
parison method, which according to the results of this study is not the optimal conventional machine learning 
approach to show improved performance. Likewise, for the 2017 ISLES benchmark challenge, which compared 
state-of-the-art tissue outcome prediction methods, all of the submitted methods employed convolutional neu-
ral networks (http://www.isles-challenge.org/ISLES2017/), so that no comparison to optimized conventional 
machine learning methods could be made. This creates a demand for a well validated optimally performing 
conventional machine learning approach for tissue outcome prediction that can be used as a baseline to show the 
superiority of deep convolutional neural networks for this problem. Based on the current results, this comparison 
method should be a variant of the random forest classifier as opposed to the rather more common GLM.

Normalization for classifier training. Despite the benefits of parameter normalization for training the 
GLM classifier demonstrated previously by Kidwell et al.23, our results showed no significant effect of normali-
zation for the GLM classifier. Discrepancies between our findings regarding the benefit of normalization for the 
GLM and that done by Kidwell et al. may originate from application of different perfusion analysis methods. It 
is well known that the arterial input function selection can have significant impact on perfusion measurements. 
While it is not fully clear how the arterial input function was selected in the study by Kidwell et al., the automatic 
atlas-based arterial input function used in this work might lead to reduced variability of the perfusion values due 
to geometrically correct averaging of many concentration time curves derived from the ICA and MCA.

Balancing method (subsampling). The observed effect of training set balancing in the current experi-
ment as well as previous literature suggests that machine learning classifiers perform sub-optimally on imbal-
anced data43. In the context of the tissue outcome prediction problem, a balanced training set is best achieved 
by using equal proportions of infarct and non-infarct voxels43. However, this does not imply that stratified ran-
dom sampling is the optimal method for resolving data imbalance. At least for the GLM, literature suggests that 
60% of the non-infarct voxels should be sampled from the penumbra and only 40% from the benign oligemia44. 
Considering the relatively small volume of the non-infarcting penumbra compared to the surrounding unaffected 
tissue, it is extremely unlikely that random sampling would produce this ideal distribution. While our approach 
used undersampling, several other techniques have been developed to mitigate the risk of introducing a bias 
through sampling45. The FASTER model, for example, randomly samples at the patient as well as voxel level, pro-
viding the major benefits of a cluster-based sampling method27,45. A potential future direction of study would be 
the characterization of specialized sampling methods such as those discussed in the recent literature27,44.

Single-parameter maps. Traditionally, the core of the lesion, representing the ischemic tissue at the time of 
imaging, is estimated from ADC maps derived from DWI imaging46–50. However, there is some concern that this 
approach may lead to overestimation of the true ischemic core, as some parts of lesions with ADC values as low 
as 60% of normal have been observed to reverse in the subacute stage51. To the same effect, ADC has been shown 
to be highly time-dependent even for acute and hyperacute stroke52. This suggests that ADC communicates tis-
sue viability outside the core to some extent53. The sensitivity of ADC to both core and penumbral tissue is one 
potential explanation for the unsurprising result that the best individual parameter for final infarction was found 
to be ADC. Furthermore, literature suggests that ADC best predicts tissue infarction within the penumbra when 
it is normalized to the contralateral hemisphere, which is consistent with our observation that thresholded ADC 
maps are better predictors of tissue fate after contralateral or VOI normalization54,55.

The boundary of the ischemic penumbra is typically considered the area of reduced CBF that, through com-
pensatory vasodilation, does not have markedly reduced CBV56. CBF determined from PWI-MRI, however, is 

Absolute Contralateral VOI

ADC 0.275 (0.214) 0.298 (0.216) 0.292 (0.211)

CBF 0.068 (0.079) 0.096 (0.112) 0.093 (0.112)

CBV 0.076 (0.091) 0.067 (0.079) 0.066 (0.078)

MTT 0.207 (0.188) 0.229 (0.193) 0.225 (0.196)

Tmax 0.190 (0.186) 0.193 (0.187) 0.193 (0.186)

Table 3. Mean Dice scores (and standard deviation) for each imaging parameter and normalization method.
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generally not considered a good estimator of the penumbra due to large differences in infarction thresholds for 
white and gray matter57 as well as contrast agent delay artifacts introduced by the popular standard singular value 
decomposition method58. In practice, the parameter Tmax, which benefits from increased homogeneity across 
tissue types39,59, has provided significantly more accurate predictions of the penumbra than MRI-derived CBF60. 
This is consistent with the current finding that Tmax outperforms CBF for thesholding-based lesion prediction. 
However, Tmax has also previously been found to outperform MTT, which we found to be the single most pre-
dictive imaging parameter60,61. This discrepancy may owe to the use of the block-circulant singular value decom-
position method, which is delay-insensitive62. This interpretation is supported by additional studies showing 
that block-circulant singular value decomposition improves the predictive value of MTT compared to stand-
ard singular value decomposition60 even to the point of outperforming Tmax63. While CBV may have utility in 
multi-parametric datasets, previous studies agree that CBV alone, also when derived from CT imaging, correlates 
poorly with final tissue outcome64. In addition to suffering from heterogeneity across tissue types, CBV is often 
simultaneously reduced in the ischemic core and increased in the penumbra because of compensatory vasodila-
tion and other factors64. Thus, a single threshold (or any linear analysis method) is often insufficient to capture 
both the core and penumbra, which are both relevant for final tissue outcome.

Overall, the current ranking of imaging parameters: ADC > Tmax/MTT > CBF/CBV is consistent with pre-
vious tissue prediction studies, providing some idea of the salience of these parameters as features for tissue pre-
diction65. Furthermore, while no classifier benefitted from normalization of the entire multi-parametric dataset, a 
potential benefit of normalization was shown for single parameter ADC, CBF, and MTT thresholding, suggesting 
that a mixed dataset of normalized and non-normalized parameters should also be examined in a future study. 
Finally, it should be highlighted that the importance of the single parameters and interactions, which also include 
the global parameters or atlas features, for the multi-parametric lesion outcome prediction was not formally 
investigated for the different machine learning models evaluated here. It would be interesting to investigate if the 
influence of the single parameters and strength of interaction for lesion outcome prediction varies with time from 
stroke onset or time from imaging to recanalization. However, this is out of the scope for this work but will be the 
subject of a secondary study.

Single parameter vs. multi-parametric tissue outcome prediction. Comparing the threshold-based 
predictions to those generated by classifiers, it is noteworthy that the Dice scores produced by single-parameter 
thresholding were significantly lower than those produced in the worst-case scenario by the random forest clas-
sifier. This finding confirms that multi-parametric analysis using machine learning conveys a real and significant 
advantage over single-parameter thresholding.

Recanalization group. While successful recanalization was found to be significantly more common among 
patients treated with mechanical thrombectomy compared to IV tPA alone, the recanalization group (IAR/IVR/
NR) had no significant impact on the accuracy of tissue outcome predictions. Initially, this observation seems 
counterintuitive, especially considering the single-parameter thresholding results that showed higher prediction 
accuracies for the NR group for the MTT and Tmax parameters. This is an expected finding since the lesion out-
come in the NR group is the worst-case scenario and, the parameters MTT and Tmax are commonly used for esti-
mating the penumbra or tissue-at-risk. In contrast, ADC and CBV, which were equally accurate for all patients, 
are mostly used for ischemic core estimation. The ischemic core is expected to remain mostly infarcted on 
follow-up imaging regardless of the treatment. However, the ischemic penumbra is partially salvageable assum-
ing early reperfusion. These results suggest that tissue outcome predictions should be more accurate for the NR 
cohort, in which reperfusion is minimal and MTT/Tmax are highly salient, than for the IAR cohort, in which the 
extent of reperfusion, and therefore penumbral tissue salvage, is highly variable. The fact that such a trend was not 
observed speaks to the utility of training multi-parametric classifiers separately on IAR, IVR, and NR patients, but 
also including the time from symptom onset for the prediction. Adding temporal information may improve the 
lesion outcome prediction, especially for the time-dependent interpretation of MTT and Tmax perfusion maps 
for patients with successful reperfusion. It should be noted that only the time from symptom onset to imaging was 
used in this work as a temporal parameter. Additionally, the time to reperfusion is likely to be also an important 
parameter for tissue outcome prediction but is only available for the IAR group. Therefore, it might be valuable to 
include this parameter if tissue outcome predictions are only of interest for mechanical thrombectomy.

Limitations. A few limitations of the current study need to be discussed. First, the current study was lim-
ited to patients with ICA/MCA occlusion, excluding patients with anterior circulation occlusions. The rea-
soning for this was to only focus on the patient cohort that is clinically relevant for decision making regarding 
thrombectomy.

Likewise, available follow-up imaging was limited to the period before patients were released from the 
hospital, 5–7 days post-ictus for practical reasons. Post-ischemic inflammation peaks between 3 and 8 days 
post-ictus66,67, leading to a possible overestimation of the final lesion volume. However, infarct volumes for a par-
ticular ischemic lesion are reported to be correlated across the acute, subacute, and chronic stage68,69. Therefore, 
while lesion volume may typically increase from the acute to the subacute stage and decrease from the subacute to 
chronic stage, larger acute lesions still predict proportionally larger chronic lesions, making sub-acute follow-up 
imaging a valid outcome variable for the tissue outcome prediction problem. Furthermore, no severe swelling or 
hemispheric midline shifts were observed on follow-up imaging.

While adequate for a comparative group study, it should be noted that the Dice scores achieved do not yet 
constitute a degree of accuracy suitable for clinical application in individual cases. This said, similar quantitative 
results compared to the ISLES 2017 challenge were found in this work, with the caveat that a different dataset 
and post-processing methods were used. Thus, the results of this work do not suggest that random forests using 
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balanced training sets are superior or comparable to deep learning models for tissue outcome prediction but 
only that this setup should be used as a comparison method to prove superiority of novel methods compared to 
traditional machine learning models. Control over the quality and consistency of the perfusion analysis was the 
motivating factor behind not using the ISLES 2017 data for the current investigation as only pre-processed data-
sets were made available. Furthermore, it should be noted that the datasets used for ISLES 2017 included patients 
successfully and unsuccessfully treated with thrombectomy and thrombolysis. Thus, the 43 datasets available for 
classifier training is potentially not sufficient to really train three different classifiers to predict treatment out-
comes individually for the two treatment types and general treatment success.

There are many potential and exciting avenues to improve the accuracy of the lesion outcome prediction. 
A more comprehensive discussion of external validity is limited by the choice of cross-validation over an inde-
pendent validation dataset. Thus, validating the results of this study in an independent validation set, acquired in 
different centers, would be beneficial. However, we believe that the general results of this study hold true for the 
development of improved outcome prediction models, especially with respect to parameter normalization and 
training set balance.

More advanced approaches, such as convolutional networks, may offer improved results, but must be evalu-
ated against a traditional classifier to quantify their superiority. The current study indicates that random forests 
trained on balanced multiparametric data should be used for the comparison of novel methods in this context 
rather than some variants of the generalized linear model.

conclusion
In summary, the most accurate method tested in this study, being that which employed stratified random sam-
pling and the random forest classifier, produced an average Dice score of 0.464 while normalization of diffusion 
and perfusion metrics as well as recanalization success had no significant effect on the prediction accuracy.

Data Availability
The datasets generated during and/or analysed during the current study are not publicly available due to con-
taining information that could compromise the privacy of research participants but are available from the corre-
sponding author on reasonable request.

References
 1. Berkhemer, O. A. et al. A randomized trial of intraarterial treatment for acute ischemic stroke. N. Engl. J. Med. 372, 11–20 (2015).
 2. Goyal, M. et al. Randomized assessment of rapid endovascular treatment of ischemic stroke. N. Engl. J. Med. 372, 1019–1030 (2015).
 3. Saver, J. L. et al. Stent-retriever thrombectomy after intravenous t-PA vs. t-PA alone in stroke. N. Engl. J. Med. 372, 2285–2295 

(2015).
 4. Campbell, B. C. V. et al. Endovascular Therapy for Ischemic Stroke with Perfusion-Imaging Selection. N. Engl. J. Med. 372, 

1009–1018 (2015).
 5. Jovin, T. G. et al. Thrombectomy within 8 Hours after Symptom Onset in Ischemic Stroke. N. Engl. J. Med. 372, 2296–2306 (2015).
 6. Goyal, M. et al. Endovascular thrombectomy after large-vessel ischaemic stroke: a meta-analysis of individual patient data from five 

randomised trials. The Lancet 387, 1723–1731 (2016).
 7. Fiehler, J. et al. European Recommendations on Organisation of Interventional Care in Acute Stroke (EROICAS). Int. J. Stroke 11, 

701–716 (2016).
 8. Powers, W. J. et al. 2015 American Heart Association/American Stroke Association Focused Update of the 2013 Guidelines for the 

Early Management of Patients With Acute Ischemic Stroke Regarding Endovascular Treatment: A Guideline for Healthcare 
Professionals From the American Heart Association/American Stroke Association. Stroke 46, 3020–3035 (2015).

 9. Ganesalingam, J. et al. Cost-Utility Analysis of Mechanical Thrombectomy Using Stent Retrievers in Acute Ischemic Stroke. Stroke 
46, 2591–2598 (2015).

 10. Balami, J. S. et al. Complications of endovascular treatment for acute ischemic stroke: Prevention and management. Int. J. Stroke. 13, 
348–361 (2018).

 11. Roman, L. S. et al. Imaging features and safety and efficacy of endovascular stroke treatment: a meta-analysis of individual patient-
level data. Lancet Neurol. 17, 895–904 (2018).

 12. Jiang, S. et al. Endovascular thrombectomy can be beneficial to acute ischemic stroke patients with large infarcts. J. Neurosurg., 
https://doi.org/10.3171/2017.11.JNS171297 (2018).

 13. Saver, J. L. et al. Time to Treatment With Endovascular Thrombectomy and Outcomes From Ischemic Stroke: A Meta-analysis. 
JAMA 316, 1279–1288 (2016).

 14. Bouslama, M. et al. Computed Tomographic Perfusion Selection and Clinical Outcomes After Endovascular Therapy in Large Vessel 
Occlusion Stroke. Stroke 48, 1271–1277 (2017).

 15. Leslie-Mazwi, T. M. et al. Endovascular Stroke Treatment Outcomes After Patient Selection Based on Magnetic Resonance Imaging 
and Clinical Criteria. JAMA Neurol. 73, 43–49 (2016).

 16. Albers, G. W. et al. Thrombectomy for Stroke at 6 to 16 Hours with Selection by Perfusion Imaging. N. Engl. J. Med. 378, 708–718 
(2018).

 17. Nogueira, R. G. et al. Thrombectomy 6 to 24 Hours after Stroke with a Mismatch between Deficit and Infarct. N. Engl. J. Med. 378, 
11–21 (2018).

 18. Ragoschke-Schumm, A. & Walter, S. DAWN and DEFUSE-3 trials: is time still important? Radiol., https://doi.org/10.1007/s00117-
018-0406-4 (2018).

 19. Asadi, H., Dowling, R., Yan, B. & Mitchell, P. Machine Learning for Outcome Prediction of Acute Ischemic Stroke Post Intra-Arterial 
Therapy. PLOS ONE 9, e88225 (2014).

 20. Bagher-Ebadian, H. et al. Predicting Final Extent of Ischemic Infarction Using Artificial Neural Network Analysis of Multi-
Parametric MRI in Patients with Stroke. PLOS ONE 6, e22626 (2011).

 21. Gottrup, C. et al. Applying instance-based techniques to prediction of final outcome in acute stroke. Artif. Intell. Med. 33, 223–236 
(2005).

 22. Kemmling, A. et al. Multivariate dynamic prediction of ischemic infarction and tissue salvage as a function of time and degree of 
recanalization. J. Cereb. Blood Flow Metab. 35, 1397–1405 (2015).

 23. Kidwell, C. S. et al. Multiparametric MRI and CT models of infarct core and favorable penumbral imaging patterns in acute ischemic 
stroke. Stroke 44, 73–79 (2013).

 24. Wu, O. et al. Predicting tissue outcome in acute human cerebral ischemia using combined diffusion- and perfusion-weighted MR 
imaging. Stroke 32, 933–942 (2001).

https://doi.org/10.1038/s41598-019-49460-y
https://doi.org/10.3171/2017.11.JNS171297
https://doi.org/10.1007/s00117-018-0406-4
https://doi.org/10.1007/s00117-018-0406-4


1 1Scientific RepoRtS |         (2019) 9:13208  | https://doi.org/10.1038/s41598-019-49460-y

www.nature.com/scientificreportswww.nature.com/scientificreports/

 25. McKinley, R. et al. Fully automated stroke tissue estimation using random forest classifiers (FASTER). J. Cereb. Blood Flow Metab. 
37, 2728–2741 (2017).

 26. Livne, M. et al. Boosted Tree Model Reforms Multimodal Magnetic Resonance Imaging Infarct Prediction in Acute Stroke. Stroke 
49(4), 912–918 (2018).

 27. Minnerup, J., Sutherland, B. A., Buchan, A. M. & Kleinschnitz, C. Neuroprotection for stroke: current status and future perspectives. 
Int J Mol Sci. 13, 11753–11772 (2012).

 28. Yenari, M. A. & Hemmen, T. M. Therapeutic hypothermia for brain ischemia: where have we come and where do we go? Stroke 41, 
S72–74 (2010).

 29. Ching, T. et al. Opportunities and obstacles for deep learning in biology and medicine. J. R. Soc. Interface 15 (2018).
 30. Zaharchuk, G., Gong, E., Wintermark, M., Rubin, D. & Langlotz, C. P. Deep Learning in Neuroradiology. AJNR Am. J. Neuroradiol. 

39(10), 1776–1784 (2018).
 31. Forkert, N. D., Cheng, B., Kemmling, A., Thomalla, G. & Fiehler, J. ANTONIA perfusion and stroke. A software tool for the multi-

purpose analysis of MR perfusion-weighted datasets and quantitative ischemic stroke assessment. Methods Inf. Med. 53, 469–481 (2014).
 32. Danielsson, P.-E. Euclidean distance mapping. Comput. Graph. Image Process. 14, 227–248 (1980).
 33. Woods, R. P., Grafton, S. T., Watson, J. D., Sicotte, N. L. & Mazziotta, J. C. Automated image registration: II. Intersubject validation 

of linear and nonlinear models. J. Comput. Assist. Tomogr. 22, 153–165 (1998).
 34. Shannon, C. E. A Mathematical Theory of Communication. Bell Syst. Tech. J. 27, 379–423 (1948).
 35. Payabvash, S. et al. Regional Ischemic Vulnerability of the Brain to Hypoperfusion. Stroke. 42, 1255–1260 (2011).
 36. Kjølby, B. F., Østergaard, L. & Kiselev, V. G. Theoretical model of intravascular paramagnetic tracers effect on tissue relaxation. 

Magn. Reson. Med. 56, 187–197 (2006).
 37. Maier, O. et al. ISLES 2015 - A public evaluation benchmark for ischemic stroke lesion segmentation from multispectral MRI. Med. 

Image Anal. 35, 250–269 (2017).
 38. Shin, W. et al. Quantitative cerebral perfusion using dynamic susceptibility contrast MRI: Evaluation of reproducibility and age- and 

gender-dependence with fully automatic image postprocessing algorithm. Magn. Reson. Med. 58, 1232–1241
 39. Copen, W. A., Schaefer, P. W. & Wu, O. MR Perfusion Imaging in Acute Ischemic Stroke. Neuroimaging Clin. N. Am. 21, 259–283 (2011).
 40. Watanabe, M., Sakai, O., Ozonoff, A., Kussman, S. & Jara, H. Age-related apparent diffusion coefficient changes in the normal brain. 

Radiology 266, 575–582 (2013).
 41. Nielsen, A., Hansen, M. B., Tietze, A. & Mouridsen, K. Prediction of Tissue Outcome and Assessment of Treatment Effect in Acute 

Ischemic Stroke Using Deep Learning. Stroke 49(6), 1394–1401 (2018).
 42. Stier, N., Vincent, N., Liebeskind, D. & Scalzo, F. Deep learning of tissue fate features in acute ischemic stroke. In 2015 IEEE 

International Conference on Bioinformatics and Biomedicine (BIBM) 1316–1321, https://doi.org/10.1109/BIBM.2015.7359869 
(2015).

 43. Batista, G. E. A. P. A., Prati, R. C. & Monard, M. C. A Study of the Behavior of Several Methods for Balancing Machine Learning 
Training Data. SIGKDD Explor Newsl 6, 20–29 (2004).

 44. Jonsdottir, K. Y., Østergaard, L. & Mouridsen, K. Predicting tissue outcome from acute stroke magnetic resonance imaging: 
improving model performance by optimal sampling of training data. Stroke 40, 3006–3011 (2009).

 45. He, H. & Garcia, E. A. Learning from Imbalanced Data. IEEE Trans. Knowl. Data Eng. 21, 1263–1284 (2009).
 46. Purushotham, A. et al. Apparent diffusion coefficient threshold for delineation of ischemic core. Int. J. Stroke. 10, 348–353 (2015).
 47. Lee, D. H. et al. Imaging of the Ischemic Penumbra in Acute Stroke. Korean J. Radiol. 6, 64–74 (2005).
 48. Butcher, K. et al. Rapid assessment of perfusion-diffusion mismatch. Stroke 39, 75–81 (2008).
 49. Forkert, N. D. et al. Comparison of 10 TTP and Tmax estimation techniques for MR perfusion-diffusion mismatch quantification in 

acute stroke. AJNR Am. J. Neuroradiol. 34, 1697–1703 (2013).
 50. Han, M. et al. Cerebral infarct volume measurements to improve patient selection for endovascular treatment. Medicine (Baltimore) 

95 (2016).
 51. Fiehler, J. et al. Severe ADC decreases do not predict irreversible tissue damage in humans. Stroke 33, 79–86 (2002).
 52. Srivastava, A. K., Mehrotra, G., Bhargava, S. K., Agarwal, S. & Tripathi, R. P. Studies on the time course of apparent diffusion 

coefficient and signal intensities on T2- and diffusion-weighted MR Imaging in acute cerebral ischemic stroke. J. Med. Phys. 33, 
162–170 (2008).

 53. Oppenheim, C. et al. Is there an apparent diffusion coefficient threshold in predicting tissue viability in hyperacute stroke? Stroke 32, 
2486–2491 (2001).

 54. Desmond, P. M. et al. The Value of Apparent Diffusion Coefficient Maps in Early Cerebral Ischemia. Am. J. Neuroradiol. 22, 
1260–1267 (2001).

 55. Rosso, C. et al. Prediction of Infarct Growth Based on Apparent Diffusion Coefficients: Penumbral Assessment without Intravenous 
Contrast Material. Radiology 250, 184–192 (2009).

 56. Leigh, R., Knutsson, L., Zhou, J. & van Zijl, P. C. Imaging the physiological evolution of the ischemic penumbra in acute ischemic 
stroke. J. Cereb. Blood Flow Metab. 38(9), 1500–1516 (2017).

 57. Arakawa, S. et al. Ischemic thresholds for gray and white matter: a diffusion and perfusion magnetic resonance study. Stroke 37, 
1211–1216 (2006).

 58. Calamante, F., Gadian, D. G. & Connelly, A. Delay and dispersion effects in dynamic susceptibility contrast MRI: simulations using 
singular value decomposition. Magn. Reson. Med. 44, 466–473 (2000).

 59. Olivot, J.-M. et al. Optimal Tmax threshold for predicting penumbral tissue in acute stroke. Stroke 40, 469–475 (2009).
 60. Zaro-Weber, O. et al. Comparison of the 2 Most Popular Deconvolution Techniques for the Detection of Penumbral Flow in Acute 

Stroke. Stroke 46, 2795–2799 (2015).
 61. Olivot, J.-M. et al. Perfusion MRI (Tmax and MTT) correlation with xenon CT cerebral blood flow in stroke patients. Neurology 72, 

1140–1145 (2009).
 62. Wu, O. et al. Tracer arrival timing-insensitive technique for estimating flow in MR perfusion-weighted imaging using singular value 

decomposition with a block-circulant deconvolution matrix. Magn. Reson. Med. 50, 164–174 (2003).
 63. Ford, A. L. et al. Clinically relevant reperfusion in acute ischemic stroke: MTT performs better than Tmax and TTP. Transl. Stroke 

Res. 5, 415–421 (2014).
 64. d’Esterre, C. D. et al. CT perfusion cerebral blood volume does not always predict infarct core in acute ischemic stroke. Neurol. Sci. 

36, 1777–1783 (2015).
 65. Christensen, S. et al. Comparison of 10 perfusion MRI parameters in 97 sub-6-hour stroke patients using voxel-based receiver 

operating characteristics analysis. Stroke 40, 2055–2061 (2009).
 66. Beaulieu, C. et al. Longitudinal magnetic resonance imaging study of perfusion and diffusion in stroke: evolution of lesion volume 

and correlation with clinical outcome. Ann. Neurol. 46, 568–578 (1999).
 67. Lansberg, M. G., O’Brien, M. W., Tong, D. C., Moseley, M. E. & Albers, G. W. Evolution of Cerebral Infarct Volume Assessed by 

Diffusion-Weighted Magnetic Resonance Imaging. Arch. Neurol. 58, 613–617 (2001).
 68. Gaudinski, M. R. et al. Establishing final infarct volume: stroke lesion evolution past 30 days is insignificant. Stroke 39, 2765–2768 

(2008).
 69. Ritzl, A. et al. Development of Brain Infarct Volume as Assessed by Magnetic Resonance Imaging (MRI): Follow-Up of Diffusion-

Weighted MRI Lesions. J. Magn. Reson. Im. 20, 201–207 (2004).

https://doi.org/10.1038/s41598-019-49460-y
https://doi.org/10.1109/BIBM.2015.7359869


1 2Scientific RepoRtS |         (2019) 9:13208  | https://doi.org/10.1038/s41598-019-49460-y

www.nature.com/scientificreportswww.nature.com/scientificreports/

Acknowledgements
The authors would like to thank the Heart and Stroke Foundation of Canada for Grant in aid support for this 
study. This work is supported by the Heart and Stroke Foundation of Canada Grant in aid (G-17-0018368).

Author contributions
A.W. Study design. Image processing. Data analysis. Drafting the manuscript and revising it critically. S.S. Data 
Acquisition. Image processing. Critical revision of the manuscript. F.F. Data Acquisition. Critical revision of the 
manuscript. G.T. Data Acquisition. Critical revision of the manuscript. J.F. Data Acquisition. Critical revision of 
the manuscript. N.D.F. Study design. Image processing. Data analysis. Drafting the manuscript and revising it 
critically.

Additional information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-019-49460-y.
Competing Interests: Götz Thomalla received fees as a consultant or lecture fees from Acandis, Bayer Vital, 
Bristol-Myers Squibb/Pfizer, Boehringer Ingelheim, Daichii Sankyo, GlaxoSmithKline, and Stryker. Jens Fiehler 
has received fees as consultant or lecturer from Acandis, Bayer, Boehringer-Ingelheim, Codman, Covidien, 
MicroVention, Penumbra, Philips, Sequent, Siemens and Stryker. Funding to institution: EU, MicroVention, 
Medtronic, DFG, BMBF, BMWi.
Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2019

https://doi.org/10.1038/s41598-019-49460-y
https://doi.org/10.1038/s41598-019-49460-y
http://creativecommons.org/licenses/by/4.0/

	Technical considerations of multi-parametric tissue outcome prediction methods in acute ischemic stroke patients
	Materials and Methods
	Patient data. 
	Image acquisition. 
	Preprocessing. 
	Classification Methods. 
	Variations of voxel-based features for tissue outcome prediction. 
	Optimization and evaluation of the lesion outcome prediction models. 
	Evaluation of single-parameter thresholding-based prediction models. 
	Statistical analysis. 

	Results
	Patient characteristics. 
	Multi-parametric tissue outcome prediction. 
	Single parameter tissue outcome predictions. 

	Discussion
	Classifier. 
	Normalization for classifier training. 
	Balancing method (subsampling). 
	Single-parameter maps. 
	Single parameter vs. multi-parametric tissue outcome prediction. 
	Recanalization group. 
	Limitations. 

	Conclusion
	Acknowledgements
	Figure 1 Maps of voxel features extracted in the preprocessing step.
	Figure 2 Selected slice from the ADC parameter map of a patient treated using IV rtPA with overlay showing the ground-truth lesion segmentation (A) and the thresholded tissue outcome predictions of: the random decision forest classifier (B), the generaliz
	Figure 3 Box plots showing the distribution of Dice scores obtained from thresholded single-parameter maps of IA-recanalized (n = 33), IV-recanalized (n = 23), and non-recanalized (n = 34) patients for each normalization and treatment method.
	Table 1 Stratified mean values (and standard deviations) of patient and imaging characteristics for IAR (n = 33), IVR (n = 23) and NR (n = 34) patients.
	Table 2 Mean Dice scores and (standard deviations) for the comparisons of ground-truths in IAR (n = 33), IVR (n = 23), and NR (n = 34) patients with tissue outcome predictions.
	Table 3 Mean Dice scores (and standard deviation) for each imaging parameter and normalization method.




