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Abstract

Background

An accurate prediction of tissue outcome in acute ischemic stroke patients is of high interest
for treatment decision making. To date, various machine learning models have been pro-
posed that combine multi-parametric imaging data for this purpose. However, most of these
machine learning models were trained using voxel information extracted from the whole
brain, without taking differences in susceptibility to ischemia into account that exist between
brain regions. The aim of this study was to develop and evaluate a local tissue outcome pre-
diction approach, which makes predictions using locally trained machine learning models
and thus accounts for regional differences.

Material and methods

Multi-parametric MRI data from 99 acute ischemic stroke patients were used for the
development and evaluation of the local tissue outcome prediction approach. Diffusion
(ADC) and perfusion parameter maps (CBF, CBV, MTT, Tmax) and corresponding fol-
low-up lesion masks for each patient were registered to the MNI brain atlas. Logistic
regression (LR) and random forest (RF) models were trained employing a local approach,
which makes predictions using models individually trained for each specific voxel position
using the corresponding local data. A global approach, which uses a single model trained
using all voxels of the brain, was used for comparison. Tissue outcome predictions result-
ing from the global and local RF and LR models, as well as a combined (hybrid) approach
were quantitatively evaluated and compared using the area under the receiver operating
characteristic curve (ROC AUC), the Dice coefficient, and the sensitivity and specificity
metrics.
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Results

Statistical analysis revealed the highest ROC AUC and Dice values for the hybrid approach.
With 0.872 (ROC AUC; LR) and 0.353 (Dice; RF), these values were significantly higher (p
< 0.01) than the values of the two other approaches. In addition, the local approach
achieved the highest sensitivity of 0.448 (LR). Overall, the hybrid approach was only outper-
formed in sensitivity (LR) by the local approach and in specificity by both other approaches.
However, in these cases the effect sizes were comparatively small.

Conclusion

The results of this study suggest that using locally trained machine learning models can lead
to better lesion outcome prediction results compared to a single global machine learning
model trained using all voxel information independent of the location in the brain.

Introduction

The acute ischemic stroke is one of the most common causes of death and disability worldwide
[1]. It is typically caused by a clot interrupting the blood flow to the brain. The undersupplied
brain cells down-regulate their metabolism to prolong survival. Severely affected brain cells
represent the ischemic core, which is assumed to be not salvageable. This ischemic core
dynamically expands into the undersupplied but not yet severely affected brain regions, the so-
called tissue-at-risk [2]. Ultimately, recanalization of the occluded arteries can restore blood
flow and rescue brain cells within the tissue-at-risk from later cell death. Thus, early treatment
with thrombolysis or thrombectomy for removal of the occlusion is of utmost importance.
However, in case of treatment in a later time window, the amount of tissue-at-risk that can be
potentially saved may not suffice to justify the contraindications such as an increased hemor-
rhage risk or usage of limited resources [3-6].

Therefore, an adequate estimation of the disease progress is of high clinical interest. Imag-
ing techniques such as computed tomography perfusion and magnetic resonance imaging
(MRI), including diffusion-weighted (DWI) and perfusion-weighted MRI (PWI), are com-
monly used for clinical decision making. These imaging techniques allow estimating the ische-
mic core and hypoperfused brain tissue using simple thresholds, whereas the mismatch
between the two areas represents the tissue-at-risk. However, due to the high complexity and
heterogeneity of stroke, such a threshold-based differentiation is often too inaccurate to make
reliable therapy decisions [7-10].

In order to make better use of the information included in the imaging data available, the
applicability of various machine learning methods has been in the focus of research in recent
years [11]. Machine learning or statistical models, including logistic regression (LR), random
forest (RF), and artificial neural networks, have been used in the past to learn relationships
between the imaging data acquired at the acute stage and the tissue outcome in follow-up
imaging [4, 12, 13]. Most of these previously described methods generate a machine learning
or statistical model based on globally extracted voxel-wise information from a retrospectively
analyzed database of stroke patients with known stroke lesion outcome. They mainly differ
with respect to the configuration of imaging features used for training and testing but also
regarding the machine learning model used. However, a global modelling approach essentially
assumes that differences in the locations of the affected tissue do not play a relevant role for
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the tissue outcome. Even though it is well known, that different brain tissue types (white and
gray matter) and even different brain regions have different compensation potential and
thresholds to endure hypoperfusion [14, 15], to our knowledge, no prediction model that really
accounts for this aspect explicitly has been described and evaluated so far.

Therefore, the aim of this work was to develop and evaluate a lesion outcome prediction
approach that trains and applies voxel-wise machine learning models for prediction of stroke
tissue outcome to account for local variabilities. We hypothesized that such an approach
enables lesion outcome predictions with higher accuracy compared to using one simple global
modelling approach.

Materials and methods
Patients

For the development and evaluation of the local tissue outcome prediction approach, multi-
center data of patients with anterior circulation strokes collected from 2006 to 2009 was retro-
spectively analyzed. The study was approved by the local ethics committees and institutional
review boards (University Centre Hamburg-Eppendorf, Germany). For each patient, clinical
data such as age, sex, National Institutes of Health Stroke Scale (NIHSS) score at baseline, and
stroke side were available. Only patients who had a first-time unilateral stroke and an admis-
sion NTHSS greater than 4 were included. All patients received conservative or intravenous
thrombolytic treatment.

Imaging

DWI and PWI images were acquired within 12 hours of stroke symptom onset and a follow-
up fluid-attenuated inversion recovery (FLAIR) sequence was acquired between 1 and 7 days
after symptom onset. Varying MRI sequence parameters were used at the contributing centers.
DWI was acquired using magnetic field gradient strengths of b = 1000s/mm?, averaged for 3 to
12 directions, and b = 0 s/mm?. The in-slice resolution varied from 0.9x0.9 mm? to 2.0x2.0
mm?, while the slice thickness was in the range of 6 to 7 mm. Likewise, the in-slice spatial reso-
lution of the PWT datasets varied from 0.9x0.9 mm? to 2.0x2.0 mm?, while the slice thickness
was in the range of 6 to 6.5 mm. Finally, the follow-up FLAIR datasets were acquired with an
in-slice spatial resolution of 0.45x0.45 mm” to 1.0x1.0 mm” and a slice thickness ranging from
6 mm to 7 mm.

Image processing

DWI, PWI, and FLAIR sequences were further processed employing the software tool AnTo-
NIa [16], briefly described in the following. First, apparent diffusion coefficient (ADC) maps
were calculated from the DWI sequence and used to segment the brain tissue and cerebrospi-
nal fluid (CSF). To separate the ipsi- and contralateral hemispheres, we divided the brain seg-
mentation along a 2D hyperplane, approximating the hemispheric fissure (constructed via two
manually defined lines). The PWI sequences were corrected for in-slice motion, before a slice-
time correction and temporal interpolation (1 second per frame) were applied. After this, the
signal curves were converted to concentration time curves. Arterial input functions were auto-
matically extracted using an atlas-based approach and employed to calculate the following per-
fusion parameter maps using a block-circulant singular value deconvolution approach
(applying a threshold of 0.15): CBF (cerebral blood flow), CBV (cerebral blood volume), MTT
(mean transit time), and Tmax (time to maximum of the residue function). Finally, the infarct
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lesions were segmented in the follow-up FLAIR datasets by two neuroradiologists in
consensus.

This procedure resulted in ADC, CBF, CBV, MTT, and Tmax maps, the CSF and brain seg-
mentations, and the segmented follow-up lesions. All of these images were rigidly registered
and transformed to the baseline DWI (B0) image. Next, the perfusion parameters were nor-
malized using the corresponding average values determined from the contralateral hemisphere
(excluding the CSF segmentation). Subtraction was applied for MTT and Tmax and division
for CBF and CBV. In order to develop the local prediction models, all parameter maps were
registered to the MNI brain atlas in a final pre-processing step using a non-linear transforma-
tion determined by the software package ANTs [17]. The resulting transformation was used to
transform the parameter maps, the CSF segmentation, and the follow-up lesion segmentations
to the MNI atlas.

All intermediate results were visually checked after each step. Datasets were excluded from
further analysis in case of missing clinical data, missing imaging data required for this analysis,
low image quality, no or poor contrast agent visibility in PWI sequence, artefacts in the image
data, no visible follow-up lesions, or insufficient post-processing results.

Tissue outcome prediction

The basic idea of the local tissue outcome prediction approach, developed in this work, is to
train one machine learning prediction model for each brain tissue (or voxel) coordinate in the
MNI atlas reference space. Each of these models is trained exclusively using data from the cor-
responding voxel position and its close vicinity. However, since not enough lesion data is avail-
able to train a robust model at all positions in the MNI atlas space, the approach was extended
to also enable predictions for voxel coordinates with insufficient lesion information using a
global model.

For each voxel, local training sets were composed using three steps. First, the voxel informa-
tion for the specific voxel of interest was added directly to the training set if it was not seg-
mented as CSF. Due to the exclusion of CSF voxels and because considerably more patients
exhibit no lesion in a voxel in MNI space compared to patients exhibiting a lesion, training
local models would only be possible for a small number of voxels in MNI space using the train-
ing sets resulting from this first step. Based on the assumption of hemispheric symmetry of the
brain, voxel information for the voxel of interest mirrored to the contralateral hemisphere was
added in a second step to the training set if it was not segmented as CSF. This was imple-
mented via a shift of the x-axis to the middle of the MNI space, so that the hyperplane along
x = 0 corresponds to the hemispheric fissure and hemispheres can be differentiated by the sign
of the x-coordinate. Nevertheless, even including information from the mirrored hemisphere
does not always lead to training sets with a suitable number of observations overall and num-
ber of observations with a lesion outcome to train a local model. In other words, these local
training sets are typically highly imbalanced with the number of non-lesion voxels greatly out-
numbering the number of lesion voxels. For this reason, the training set for each voxel position
was practically composed by identifying the closest lesion and non-lesion voxel for each
patient within a sphere around the voxel position of interest, which also includes the mirrored
datasets. The aim of this procedure was essentially to add two observations for each patient
(one with and one without lesion outcome) to the local training set. However, as the aim of
this work was to develop inherently local tissue outcome prediction models, a relatively small
radius of /5 mm was empirically selected in this work for the search radius around each voxel
position. Practically, this was implemented based on the Euclidean distance: For a voxel at
position xy, ¥o, o, the distance to another voxel at position x1, y;, z; was calculated as
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d=/((x,—x)"+ (yy — )" + (2, — 2,)*). As a result of this, there are still many voxel posi-
tions in MNI atlas space, which do not have a sufficient number of training samples in the
lesion group so that no machine learning model can be trained. To overcome this issue, the
local model is replaced by a global model at those positions. This global model was trained on
data from all voxel positions as usually done in previous research. In this work, a group size
threshold of 3 was used for selection of the local vs. the global model at each voxel position.
This means that if one of the groups used for training (lesion or non-lesion) contains less than
three observations, the global model is used while the local model is used otherwise.

Finally, a hybrid tissue outcome prediction approach was implemented. Therefore, the
average of the global and the local prediction for each voxel was calculated. For voxel positions,
where the local model was not available, the prediction from the global model was used.

In this work, two different algorithms, namely logistic regression (LR) and random forest
(RF), were used for the generation of the local as well as the global prediction models using the
normalized imaging perfusion parameters (CBF, CBV, MTT, Tmax), ADC, and available
lesion outcome information. The LR model was used due to its simplicity, computational effi-
ciency, and its use in multiple previous studies [18, 19]. The RF model was used as it proved
superior to the LR model in recent studies while still being simple and efficient enough to
apply in this setup [4]. However, in contrast to LR, the calculation time for large numbers of
training voxels rises quite fast for the global RF model. Therefore, the training dataset for the
global model was down sampled to 500,000 voxels. For this sampling approach, the training
dataset was randomly reduced while keeping the same ratio of lesion and non-lesion voxels as
contained in the overall training patient’s data. All tissue outcome predictions were generated
in R (version 3.4.2) [20].

Evaluation

Leave-one-patient-out cross-validation was performed for the evaluation of the three model-
ling approaches (local, global, and hybrid). This means that for every patient’s predicted tis-
sue-outcome, the underlying models were trained on the voxel-information from all other
patients.

The three prediction models were evaluated using the area under the receiver operating
characteristic curve (ROC AUC), the Dice similarity metric, the sensitivity, and the specificity,
by comparison of the predicted lesion to the real lesion outcome [21, 22]. The Dice coefficient
is defined by:

2-|PNILj
PO =T

Whereas P denotes the binarised prediction lesion and L the registered follow-up lesion seg-
mentation. The Dice can take values between 0 and 1, whereas the value 0 indicates that the
binary infarct prediction does not overlap with the actual infarct and a Dice value of 1 reflects
a perfect match with the actual infarct. To create binary lesion prediction masks based on the
predicted lesion probabilities required for calculation of the Dice coefficients, it is necessary to
define an appropriate threshold above which the voxel outcome is to be predicted as lesion
and vice versa. Therefore, during each iteration of the leave-one-out cross validation, the
threshold that results in the optimal Dice coefficient was calculated on the overall available
training data (in steps of 0.01) and applied afterwards to calculate the Dice coefficient on the
test set predictions. Since we are interested in a single binary prediction and the optimal
thresholds for sensitivity (0) and specificity (1) are opposite to each other, they were calculated
using the same threshold that resulted in the optimal Dice coefficient.
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The ROC AUC reflects the suitability of the model to discriminate between the two out-
come classes independent of a specific threshold. It can be interpreted as the probability that a
randomly chosen infarct voxel receives a higher risk than a randomly chosen non-infarct
voxel. Hence, a ROC AUC of 1.0 would describe a perfect model, while a ROC AUC of 0.5
would indicate that the model is not advantageous to random guessing.

The Dice and ROC AUC values for each prediction model were statistically evaluated using
one-sided pair-wise t-tests. A p-value smaller than 0.05 was considered to indicate a significant
difference.

In addition, the mean and median values of the local LR model coefficients were calculated
for each MNI structural atlas brain region to obtain indications of variation in the different
brain regions (see S1 Table).

Results

Opverall, datasets of 99 patients were included for the final analysis in this study. Due to the
required minimum number of lesion and non-lesion voxels in the training data (at least three
in each group), local models could be trained and applied at 72.33% of all brain tissue voxel
positions in MNI space. The local models benefited in particular from the enrichment design
choices for the training data. Without them, local models could only be trained for 32.27% of
the brain tissue voxels in MNI space. Adding voxels from the opposite hemisphere alone (i.e.
without adding the search radius) resulted in 46.65% of MNI brain tissue voxel positions for
which local models could be trained. By adding the small search radius for training data
enrichment alone (i.e. without adding voxels from the opposite hemisphere), local models
could be trained for 59.58% of the MNI brain tissue voxels. In the local approach, predictions
at voxel positions with insufficient data to train a local model were substituted by the global
model.

Lesion outcome prediction results

Table 1 shows the quantitative results regarding the ROC AUC values, the Dice coefficients,
and the sensitivity and specificity metrics for the three modeling approaches (global, local,
hybrid) and two machine learning methods (LR, RF). Regardless of the machine learning
method (LR or RF), the hybrid tissue outcome prediction approach performed best in terms of
the ROC AUC and the Dice coefficient compared to the local and global approaches. At the
same time, the local modeling approach performed better compared to the global modeling
approach regarding the ROC AUC for both machine learning methods and better regarding

Table 1. Average results from the leave-one-patient-out cross-validations for each model.

Model
LR
LR
LR
RF
RF
RF

Locality

Global
Local
Hybrid
Global
Local
Hybrid

mean ROC AUC
0.809+0.110**
0.861+£0.109**
0.872+0.092
0.789+0.104**
0.845+0.099**
0.859+0.089**

mean Dice mean Sensitivity mean Specificity mean Prediction Time (s)
0.322+0.218"* 0.386+0.243"* 0.959+0.047 0.055+0.031
0.337+0.221** 0.448+0.254 0.955+0.041"* 0.062+0.015*

0.348+0.221 0.444+0.252 0.955+0.047** 0.126+0.038"*
0.319+0.215** 0.361+0.218"* 0.965+0.037 29.762+6.857**
0.311+0.208"* 0.404+0.208"* 0.956+0.030"* 704.859+146.593"*
0.353+0.220 0.415+0.231** 0.964+0.034 736.284+148.309**

Average ROC AUC values, Dice coefficients, sensitivity, specificity, and prediction time values for one dataset from the leave-one-patient-out cross-validation for each

model. Best results according to each metric are highlighted in bold. Significant differences to this best-performing method computed with a one-sided paired student’s

t-test are marked with a star (*) for a confidence interval of 95% (p < 0.05) and two stars (**) for a confidence interval of 99% (p < 0.01). Nominal p-values are reported

without correction for multiplicity, similarly as in [23].

https://doi.org/10.1371/journal.pone.0241917.t001
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the Dice similarity metric for the LR model while the Dice similarity metric was slightly better
for the global RF model compared to the local RF model. Both, the local and the hybrid
approach performed better than the global approach regarding the sensitivity, with the LR
models performing better than their corresponding RF model counterparts. Only for the speci-
ficity of the global approach, higher values were observed compared to the corresponding (LR
or RF) local and hybrid approaches. However, the differences of the effect sizes for the latter
were relatively small compared to the differences in the effect sizes of the other metrics. Sensi-
tivity and specificity should always be compared together due to their relation to each other.
Doing so, the local and hybrid approaches led to better results than the global approach. The
highest average ROC AUC value was obtained by the hybrid LR (0.872+0.092) and the highest
average Dice coefficient was obtained by the hybrid RF (0.353+0.220). The highest average of
ROC AUC values and Dice coefficients was obtained by the hybrid LR model (0.872+0.092;
0.348+0.221) followed by the hybrid RF model (0.859+0.089; 0.353+0.220). These models
revealed highly significant improvements (p < 0.01) compared to any global or local model
regarding the respective metric with effect sizes of 0.011 (compared to the best local model;
ROC AUC), 0.061 (global; ROC AUC), 0.016 (local; Dice), and 0.025 (global; Dice). The high-
est average of ROC AUC values, Dice coefficients, sensitivity, and specificity was obtained by
the hybrid LR (0.872+0.092; 0.348+0.221; 0.444+0.252; 0.955+0.047) followed by the local LR,
the hybrid and local RF, and the global LR and RF models. While the prediction times of the
LR models were generally faster than the RF models, the global approach was always the fast-
est, followed by the local and hybrid approaches.

An illustration of the final lesion predictions of the global, local, and hybrid LR an RF models
for a selected patient can be found in Fig 1. Here, it can be seen that the global approach results
in predictions with the strongest contrast of all approaches differentiating lesion from non-
lesion tissue while the local approach generally tends to produce noisier but more sensitive out-
come prediction masks. Therefore, combining the global approach with higher specificity with
the local approach with higher sensitivity in the hybrid approach leads to overall better results.

In addition, some of the coefficients of the local logistic regression models were not nor-
mally distributed, so that median values of the coefficients are provided in S1 Table. Overall, it
can be seen that the coefficients of the local logistic regression models differ considerably
between brain regions, which supports the benefit of using local tissue outcome prediction
models.

Discussion

The main finding from this study is that it is beneficial to use locally trained machine learning
models for lesion outcome prediction. We compared global LR and RF models with the pro-
posed local tissue outcome prediction approach, which combines many local tissue outcome
prediction models (augmented with the global model) and with the hybrid approach, which is
simply the average of the models resulting from the global and local approaches. For both algo-
rithms (LR and RF), the global approach generally performed worse than the local approach,
which in turn was outperformed by the hybrid approach. The global RF model yielded a
slightly higher Dice coefficient than the local RF model. Only in case of the sensitivity, the
global approach revealed consistent (but small) performance gains compared to the local and
hybrid approaches.

Combining local and global approaches

One of the main limitations of the proposed local approach is that despite the comparably
large database available for this work, it was not possible to train local models for
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Global Hybrid FU-Lesion

Fig 1. Final infarct outcome predictions for a selected patient. Images of the final infarct outcome predictions (first and third row) and binarized masks
(second and fourth row) for the global, local, and hybrid (left to right) LR and RF (top to bottom) models for a selected patient and the corresponding true
follow-up lesion outcome shown on the far right. In areas where the global models underestimates the lesion, the local models show higher infarct probabilities
leading to better fits of the binary prediction masks, with the true follow-up lesion outcome; for both, LR (A) and RF (B). In addition, the global LR and RF
models show a smooth coherent infarct prediction, whereas the local approach, especially the RF model, is slightly more scattered. Nevertheless, the dispersion
of the local approach is concentrated on the actual infarct regions, so that the hybrid prediction is not only smoother than the local approaches, but also leads to
the overall best qualitative results.

https://doi.org/10.1371/journal.pone.0241917.9001
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approximately 28% of all brain tissue voxels in MNI space. Thus, it is still an open question
how good a pure local approach without any enhanced global predictions would perform.
Potential ways to increase the number of local models include modifying the enrichment pro-
cess, e.g. the radius used, or train the local models with more datasets of acute ischemic stroke
patients. However, when using a global model to substitute local predictions, it is beneficial to
use a global model that was trained using similar conditions compared to the local models and
not using artificially balanced training datasets. Balanced global training datasets might artifi-
cially produce higher lesion likelihoods in contrast to predictions from models, which were
trained on imbalanced data (like the local models) so that the two prediction types cannot be
combined easily without normalization. Therefore, when down sampling the training data for
the global approach, we stratified the data based on the follow-up outcome. Although the local
training data of the local models was enriched with additional voxels with the aim to balance
lesion and non-lesion voxels, the individual training datasets showed a varying ratio of lesion
and non-lesion voxels due to the scarcity of lesion voxels and the spatial lesion distribution.

Local training data enrichment

Similar to the selection of hyperparameters for machine learning models, the method used for
training data enrichment is of particular importance for the training and subsequent accuracy
of the local tissue outcome prediction models. Within this context, the number of observations,
the local class balance at different positions, and the "locality” of the voxels play an important
role. For example, it is important that the ratio of lesion and non-lesion training voxels for the
different local models are as similar as possible. Otherwise, two models might not only differ
because of the spatial conditions at the voxel positions, but also because of the higher ratio of
lesion-voxels in the training data in one of the models. The latter usually leads to higher average
predictions [24]. Therefore, if differences between the training datasets of the individual models
are too large, they are more difficult to compare (without introducing an additional normaliza-
tion step) and-as we are optimizing the performance for the joint prediction of a patient’s tissue
outcome-the determination of a common threshold for binarization becomes increasingly diffi-
cult. In this study, we have used a small radius to ensure that the training data is truly local and
reduce variation in outcome prevalence by accumulating one non-lesion and one lesion voxel
(where available). Furthermore, we have used a minimum group size of three non-lesion voxels
to ensure that each local model is trainable and that enough models can be trained at the same
time. Nevertheless, it remains an open question what minimum group size represents the best
trade-off between the number of trainable local models and accuracy. It would also be possible
to use a dynamic radius, possibly in combination with up-sampling, to achieve a class balance
in the training data, as it was previously found that balanced training data leads to better predic-
tion results in case of global tissue outcome prediction models [25].

Scalability of the local approach

As the training procedures of the local models are completely independent from each other,
they can be run in parallel, which allows to apply this approach using the full voxel information
from almost any given number of patient datasets. The number of observations used per local
model generation is equal to the number of included patients, which is magnitudes smaller
than a global training set composed of the complete voxel information available. Therefore, no
sub-sampling as used in case of the global random forest model is required. Practically, this
also allows to use any advanced machine learning model for tissue outcome prediction, i.e. not
just logistic regression or random forest, which were primarily chosen here, since they are
computationally fast to train compared to other machine learning models.
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MNI registration

One of the main imitations of the local tissue outcome modeling approach is the required reg-
istration to the MNI space, which also adds some computational costs to the prediction. Nev-
ertheless, all cases that successfully passed the other preprocessing steps could also be
successfully registered to the MNI space using ANTs in this study. Although the voxel resolu-
tion is increased by a factor of approximately 20 by registering the patient scans into the MNI
space, the actual lesion outcome prediction is not considerably slower compared to the global
approach in case of the LR model. This is because the local LR model is essentially a coefficient
matrix so that the local prediction can be obtained by simple matrix multiplication and appli-
cation of the LR formula. In case of the RF approach, the global prediction is already compara-
tively slow with 24.2 seconds but still sufficiently fast. The local approach is considerably
slower with a time of 705 seconds achieved with the current implementation. An advantage of
the local approach, however, is not only the possibility of parallelization of the training but
also of the prediction task so that the prediction time specified for one CPU core can be mini-
mized trivially by using additional cores.

Implementation of spatial features into currently used models

The results suggest that the positional information improves tissue outcome predictions.
Therefore, integration of the position should be considered in future tissue outcome models as
well. However, it does not necessarily have to be implemented the same way as described in
this work. One option would be to build regional machine learning models for each brain
region of a brain parcellation (e.g. Harvard-Oxford brain atlas). This would reduce the number
of local models considerably while still allowing to make local predictions. Within this context,
it should also be mentioned that gray and white matter differences are only implicitly modelled
by the proposed approach. Due to the enrichment method using the search within a small
radius, there is a chance that white and gray matter information might be mixed in the local
training sets. Thus, one potential improvement would be to specifically search for voxels from
the same tissue or the same region.

For an inclusion of spatial factors in previously described models, information about atlas
regions could also be integrated as ordinary features within global approaches. For example,
direct information on the location, such as the position, brain region, and tissue type (white or
grey) of a respective voxel can be coded as additional features. In addition, the relative position
to relevant positions, such as the distance of a voxel to the ischemic core, could be used to
improve previously described global tissue outcome models.

Conclusion

The findings from this study suggest that it is beneficial to employ locally trained machine
learning models for lesion outcome prediction. The proposed method paves the way to use
more sophisticated machine learning models for tissue outcome prediction that are too slow
when trained using globally extracted voxel-wise training data.
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